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ABSTRACT 
The general problem of estimating breeding values of animals in a population under 
selection to improve performance for growth and reproductive success is addressed. Genetic 
and environmental (co)variances for correlated traits must be estimated from the data if they 
are unknown or expected to have changed due to the type of selection. The data were a set of 
four lines, one selected for increased pupa weight, another for increased family size, the third 
based on an index combining pupa weight and family size, and a randombred control. The 
analysis of genetic responses over 16 generations in these four selection lines derived from a 
common base population present some interesting phenomena likely to be encountered in the 
analysis of other populations under selection. Changes in genetic and environmental 
(co)variances associated with selection for pupa weight were found to have a profound effect 
on estimates of (co)variance components within and between generations. New insight is 
provided on ways to interpret restricted maximum likelihood estimates of genetic parameters. 
Base populations and control lines with 16 generations of data from two replicated 
experiments were used to show how insufficient data, misidentification of major fixed effect 
when combining data across experiments, and confounding of random effects can lead to 
widely different estimates of parameters for the same data. Gibbs sampling techniques were 
used to implement a full Bayesian analysis of the data. All (co)variance components in the 
model were not estimated with equal information from the data. Extensive use was made of 
the 95% central interval of the posterior distribution to graphically show the effect of 
different assumptions about prior knowledge or belief in the realized values of random 
variables. Even a small amount of weight on prior knowledge about parameters can 
xii 
overcome problems associated with the belief that all information must come entirely from 
the data. A multiple trait heterogeneous mixed model is proposed to adjust for the effects of 
genotype by environment interaction. It is argued that this model overcomes several 
deficiencies of other models proposed to account for heterogeneous (co)variances. 
Estimation of (co)variance components and genetic trends in a selection experiment 
for growth and reproductive success in Tribolium castaneum by using various statistical 
methods with homogeneous and heterogeneous assumptions of (co)variance components was 
investigated. By using restricted maximum likelihood (REML) with homogeneous 
assumptions, there were obvious differences among the (co)variance estimates across four 
lines selected for pupa weight (PW), family size (FS), index of both traits (IN), and random 
(CN), derived from the same base population, as well as, between two replications. By using 
single generation data and a univariate model, the residual and total phenotypic variances 
were found to change across generations associated with the method of selection for pupa 
weight. Estimates for environmental trends, which were expected to be zero due to 
controlled environmental conditions used in the experiment, increased in the PW and IN lines 
of both replications. 
The (co)variance estimates and genetic trends, however, in the CN lines of both 
replications were very similar by using either REML or Gibbs sampling (GS) with 
homogeneous assumptions of (co)variances. The base populations in both replications 
provided insufficient information from the data to estimate (co)variances by using REML and 
GS with "flat" priors. But, GS with the smallest and 3.7% degrees of belief on the reliable 
priors gave estimates for the posterior distributions from the base populations similar to the 
xiii 
estimates from CN lines. Combining two base populations, which doubled the number of 
observations in a single base population, provided a better understanding of the estimates in 
the base populations by using either REML or GS, due to the fact that there was more 
information &om the data. 
GS analysis with different weights on the priors for single generation data in each Une 
provided approximate estimates of heterogeneous (co)variances. Priors for the single 
generation analyses were REML estimates from all generations of data based on homogeneity 
assumptions across generations. The PW lines showed more heterogeneity of (co)variances, 
for both direct genetic and residual (co)variances than permanent environmental variance, 
due to genotype by environment interaction. Such interaction was caused by selection for 
increased pupa weight, family size, or both and competition for nutrients within a full-sib 
family raised in the same bottle. The IN lines showed less heterogeneity than the PW line, 
but more than the FS and CN lines, which were similar to each other with almost no 
heterogeneity. 
Adjusting multiple trait (MT) mixed model equations (MME) with matrices 
constructed by eigenvalues and eigenvectors of the genetic (co)variance matrix (MTHMME) 
provided useful assumptions for covariances between heterogeneous groups within and 
across traits. The adjustment, with assumptions for covariances, eliminated estimates of an 
increasing environmental trend in the PW and IN lines of both replications. The responses to 
selection were all more correctly attributed to genetic trends instead of there being a partial 
environmental trend. The genetic and envirormiental trends in the CN lines were the same by 
using homogeneous MTMME and MTHMME. These results showed that MTHMME with 
xiv 
heterogeneous (co)variances, and the incorporation of assumptions about covariances 
between heterogeneous groups within and across traits, are proper for multiple trait genetic 
evaluation. 
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CHAPTER 1. GENERAL INTRODUCTION 
Introduction 
Based on the results in Bulmer (1980), most analyses of data from selection 
experiments or field data have been conducted assuming homogeneity of (co)variances 
through all generations under selection. Therefore, the estimates of genetic (co)variance are 
believed to be representative of the unselected base population when all of the genetic 
relationships are included in the analysis (Sorensen and Kennedy, 1984). Also, the estimates 
of genetic (co)variance are constant and unbiased over the generations under selection when 
all the data and genetic relationships are included (van der Werf and de Boer, 1990). These 
properties were examined by simulation studies with homogeneous (co)variances for several 
generations. For experimental and field data, the assumptions have been assumed without 
examination. Thus, most of the analyses of data under selection have been conducted by 
using statistical methods such as least squares, likelihood based methods, and Bayesian 
approaches for (co)variance component estimation and genetic evaluation assuming 
homogeneous (co)variances. 
Falconer (1989) pointed out that animals with a larger mean for a particular trait, 
however, may have larger variance. Also, he concluded that the phenomenon, known as 
"scale effects", can be reduced or eliminated by certain transformations of scale for non-
normality of the distribution and dependence between mean and variance, but not always for 
non-additive interactions, i.e., epistatic or genotype by enviroimient. Very few papers can be 
found in the animal breeding literature working toward a solution for this particular problem. 
Similar types of studies can be found in dairy cattle: for herd by sire interaction (Hill, 1984), 
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for different production levels (Boldman and Freeman, 1990), and for difference between 
male and female (Visscher and Thompson, 1990). But, they might not have had strong 
response to selection in the data. When we have multiple traits in the selection scheme, the 
"scale effect" problem becomes more complicated. But, multiple trait analysis is more and 
more popular in the practice of animal breeding for efficiency and accuracy (Ducrocq, 1994). 
Thus, more studies of the "scale effects" for multiple traits need to be done to better 
understand its behavior in selection data. The objective of this dissertation is to estimate 
multiple trait (co)variance components and genetic trends from data with selection for growth 
and reproductive success in Tribolium castaneum. The analyses are done by using various 
statistical methods with different assumptions for (co)variance components. 
Dissertation Organization 
The dissertation is comprised of six chapters. The first chapter contains a general 
introduction and review of literature for the whole dissertation. Each of chapters two to five 
is a separated paper that focuses on a particular aspect of the general problem of genetic 
prediction in populations with unknown (co)variances. Chapter two gives the experimental 
design of a particular selection experiment, as well as, the (co)variance component estimates 
using common assumptions. Chapter three provides a comparison between REML and Gibbs 
sampling estimates of (co)variances in the control and base populations using the same 
assumptions as in Chapter two. Insufficient data and misidentification of fixed effects are 
shown to add variability to estimation of (co)variance components by REML. Not all 
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variance components are estimated with the same precision. Strategies to enhance the 
properties of (co)variance components are discussed. Chapter four describes Gibbs sampling 
procedures for estimating the posterior distribution of (co)variance components within 
generation. Chapter five, following the results from Chapter four, proposes a multiple trait 
heterogeneous mixed model to adjust for the effects of genotype by environment interaction 
on (co)variances. Also, assumptions about covariances within and between traits over 
generations are defined. All four chapters are written for publication in the Journal of 
Animal Science. The last chapter lays out the general conclusions from the previous four 
chapters. 
Literature Review 
Growth and female reproductive traits 
Selection on growth traits has been emphasized for a long time. Continuous progress 
in many economical species due to the higher heritability and variability associated with most 
growth traits is clearly evident. For female reproductive traits, it is much more difficult to 
improve genetic merit by selection because many of the reproductive traits have lower 
heritabilities and less variability. Female reproductive traits, however, also account for a 
large proportion of the variation associated with physiological factors, such as uterus capacity 
and the hormone system (Rothschild, 1996). Previous smdies have found negative 
correlations between growth and female reproductive traits in many species, pig (Irvin and 
Swiger, 1984; Young et al., 1978), cattie (Bourdon and Brinks, 1982; Smith et al., 1989), 
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sheep (Fogarty et al., 1982) and mice (Nagai et al., 1982). Thus, selection on a growth trait 
will reduce female capability in reproduction. Estimates of the heritability for both growth 
and female reproductive traits and the genetic correlation between them, which were reported 
in earlier research for different species, are sunmiarized in table 1. The summary shows that 
most of the growth traits have moderate to large heritability, while the reproductive traits 
have small to moderate heritability. Also, the genetic correlation between growth and female 
reproductive traits are mainly negative. 
From REML to Gibbs sampling 
When unbalanced data, i.e., with selecdon bias, are analyzed by ANOVA mediods, 
the estiniiates are biased. Maximum Likelihood (ML) estimates of variance components are 
valid when the population is subjected to particular selection schemes (Meyer and Thompson, 
1984; Rothschild et al., 1979; Thompson, 1979). But, ML estimates may be outside of the 
parameter space, and do not account for the bias caused by not accounting for the loss of 
degrees of freedom for estimation of the fixed effects (Thompson, 1979). Restricted 
maximum likelihood (REML) method, by using only error contrasts, was proposed by 
Patterson and Thompson (1971) to be independent from fixed effects. Thus, the likelihood 
function is marginal without fixed effects involved. REML accounts for the degrees of 
freedom lost in the estimation of fixed effects, compared to other cases when the full 
maximum likelihood fianction is used (ML). Thompson (1979) reported that REML can 
reduce the bias raised in using ML. With balanced data, the REML equations are reduced to 
the same equations used in ANOVA estimation, which has minimum variance properties 
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Table 1. Summary of heritability and genetic correlation estimates for growth and 
reproductive traits in different species.' 
Species Growth Heritability Genetic Reprod. Heritability Reference 
trait Corr. trait 
Swine LBW .29± — NB .10±-~ Lamberson, 1988 
L21dW .15±~ NBA .07± — 
NW .05± — 
ABW .53±.17 -.07±.28 NB .24±.14 Ferguson, 1985 
-.04+31 NBA .21+14 
-.01+52 N3w .08+12 
Beef BW .43+07 -.17+38 AFC .07+09 Bourdon & Brinks, 
1982 
WW .63+08 -.22±.41 
YW .73+11 -.17+.40 
BW .27+07 .58+55 AP .10±.17 Smith et al., 1989 
WW .14+06 -.04+57 
YW .29±.08 -.14+44 
Sheep WW .15+05 -.02±.27 LS .16+06 Fogarty, 1982 
Mouse ALlSdW .42± — -.35± — NLL .13± — Nagai et al., 1982 
LM .42± ~ .27+10 LS .10± — Beniwal et al.. 1992 
Tribolium PW .36+07 .13+14 FS .09±.08 Campo et al., 1988 
PW .23 to .45 Patterson, 1983 
PW(PW+) .36±~ -.43± — FS(PW+) .11± — Berger, 1977 
PW(FS+) .33± — .03±-- FS(FS+) .06±-~ 
PW(base) .33±.04 -.17± — FS(base) .10±~ 
PW .52± — .72±~ FS .10± — Fairfull etal., 1977 
LW(pearl) .05 to 1.0 -.77± — NE .01 to. 14 Orozco & Bell, 1974 
LW(black) .18 to .65 .72± — NE .04 to .79 Krause & Bell, 1972 
' LBW = litter birth weight; L21dW = litter weight at 21-day; ABW = average birth weight; NB = number born; 
NBA = number bom alive; NW = number weaned; N3w = number at 3-week; BW = birth weight; WW = 
weaning weight; YW = yearling weight; AFC = age at first calving; AP = age at puberty; LS = litter size; 
ALlSdw = average litter weight at 18-day; NLL = number of litters raised during lifetime; LM = lean mass; 
PW = pupa weight; (PW+) = line selected for PW; FS = family size; (FS+) = line selected for FS; (base) = base 
population; LW = litter weight; (pearl) = pearl eye population; (black) = black eye population; NE = number of 
eggs. 
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(Searle, 1989). Ruth (1987) showed that REML reduces part of the bias in ML by using 
simulated data. But, the asymptotic (large sample) properties still exist in REML estimates 
(Gianola and Foulley, 1990; Harville, 1977; Searle, 1989). Searle (1989) and Gianola and 
FouUey (1990) also pointed out that REML estimates should have larger variance than ML 
estimates, due to the fact that REML only uses the marginal maximum likelihood function 
without estimating fixed effects. Thompson and Meyer (1986) claimed that Multivariate 
Restricted Maximum Likelihood (MTREML) with an animal model, is necessary to obtain 
unbiased estimates of heritability for all traits, under and not under selection. Note that the 
"unbiased" estimates obtained by MTREML do not mean that it is unbiased from the 
asymptotic property of likelihood based methods, but merely that it is free from the effects of 
selection bias. Harville (1974) showed that REML estimates are equivalent to the joint 
modes of the posterior distribution when "flat" priors are used in a Bayesian approach In 
addition, Gianola and Foulley (1990) pointed out that REML has two disadvantages. First, it 
produces joint modes rather than marginal modes of the posterior distribution. But, when the 
loss function is minimum mean square error, the optimum Bayes estimator is the posterior 
distribution. Second, it fails to recognize that some variance components may not be 
estimated with the same amount of information from the data. 
The Bayesian approach was initially proposed by Gianola and Fernando (1986) to the 
application of variance component estimation in animal breeding as an alternative to the 
regression, ANOVA and REML methods. Gianola and Foulley (1990) derived a method for 
estimating variance components by using integrated likelihoods (VEIL) which started the 
practice of Bayesian analyses in animal breeding. Wang et aL (1993) introduced the Gibbs 
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sampling method for estimating variance components by using simulated data sets and a sire 
model. Since then, several applications of Gibbs sampling have been used to answer specific 
questions about: field data (Wang et aL, 1994a, 1994b), simulated data (Sorensen et aL, 1994; 
Van Tassell, 1994), maternally influenced traits (Jensen et aL, 1994; Van Tassell, 1994), 
threshold model (Sorensen et aL, 1995), and major gene detection (Janss et al., 1994). 
Until now, most applications of Gibbs sampling were conducted with "flat" priors, 
which is equivalent to using Ukelihood based methods like REML (Harville, 1974). Gibbs 
sampling gives the marginal posterior distribution of each parameter, whereas REML 
provides the joint mode of the posterior distribution. Gianola and Foulley (1990) pointed out 
that the marginal posterior mode might be better for approximating the mean of the posterior 
distribution when the loss function is minimum mean square error. Thus, the real gain by 
using Gibbs sampling instead of REML might not be obvious when a "flat" prior is used in 
the analysis. Another disadvantage of using an improper "flat" prior is that it can give an 
improper posterior distribution without warning in running the Gibbs sampler (Hobert and 
Casella, 1996). For example, the marginal posterior distribution of a particular variance may 
heavily fall near zero when a "flat" prior is used. The only way to avoid this problem is to 
use proper priors. A prior from the family of proper priors can guarantee an estimate of the 
proper posterior distribution. 
Fixed effects specified in models commonly used in animal breeding are treated as 
random in Bayesian analyses (Gianola and Fernando, 1986). The effect of treating fixed 
effects as random variables on (co)variance component estimation in Gibbs sampling needs 
to be examined. Also, sufficient information from the data could be a critical problem with 
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both of the methods (Wang et aL, 1993), because REML and Gibbs sampling with "flat" 
priors are totally dependent on information from the data (Harville, 1974). If the data 
provides insufficient information to make inferences, the results may not be reliable. 
Individual researchers may need to examine on a case by case basis the role of their "belief 
in priors and the amount of information from the data. 
Heterogeneous (co)variances 
Homogeneous (co)variances, for both genetic and environmental (co)variances, are 
usually assumed in (co)variance component estimation and genetic evaluation to simplify the 
situations encountered in computation and interpretation (Bulmer, 1980; Falconer, 1989). 
However, this assumption of constant (co)variances in large data sets in animal breeding may 
not be true (Falconer, 1989; Gianola, 1986; Hill, 1984). For a large data set, there might be 
many different groups of animals, such as management level, production level, sex, genotype 
by environment interaction, and segregating major genes (Falconer, 1989; Visscher et al., 
1991). The heterogeneous (co)variances are very likely to occur in many species. Lush 
(1945) suggested that animals were better kept in the environments where they will be used 
so that the desirable genes have a chance to be expressed. Hammond (1947) also 
recommended that selection needs to be done in the most favorable environment to improve 
the accuracy of selection due to better expression of the genes involved. But, this may not be 
practical in the internationalized animal industry today. Selection has been done in many 
different environments and with multiple genetic resources. Robertson et al. (1960) found 
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that it was important to recognize different heritabilities between environments and their 
effects on the ranking of sires was necessary to optimize genetic progress. 
The heterogeneity problem has been discussed in dairy cattle more than in other 
species. Hill et al. (1983) found that higher genetic variances of several production traits, as 
well as, the heritabilities of these traits in dairy cattle were associated with higher means. 
Their results had support from previous papers (Averdunk and Alps, 1971; Maijala and 
Hanna, 1974; DaneU, 1981). Then, many studies were established to discover or adjust 
heterogeneous (co)variances for production traits in dairy cattie (Boldman and Freeman, 
1990; Gianola, 1986; Gianola et al., 1992; Hill, 1984; Kachman and Everett, 1993). For beef 
cattie, fewer papers have been identified specific with heterogeneous (co)variance problems 
(Garrick et al., 1989; Reverter et al., 1997; San Cristobal et al., 1993). 
Among the methods used for adjusting heterogeneous (co)variances. Hill (1984) 
proposed adjusting observations with phenotypic standard deviations in different 
environments: 
y, ((T^ / ) = (X,b,- + Z,u,- + e,- )(crg, / ), where cJip = phenotypic standard deviation in all 
environments, and Ou = phenotypic standard deviation in the ith environment, with 
assumptions of same heritability and perfect genetic correlations across different 
environments. 
Garrick et al. (1989) proposed using an adjustment of the incidence matrix for random 
genetic effects, such as sire and maternal grandsire. Quaas et al. (1989) extended it to a 
multiple trait case with: 
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G = D.A 
D,A 
-1 
-1 (AGsA)[a ^ D,- A ^Dy ] = multiple trait genetic (co)variance matrix, 
where = diagonal matrices, A = an arbitrary diagonal matrix, and Gs = single trait 
(co)variance matrix. The assumptions for the heterogeneous (co)variances can be flexible in 
this form, but as more restrictions are assumed, less heterogeneous (co)variances are needed 
in the mixed model equations (MME). For example, Djtcan be the genetic standard 
deviations, and Gs can be the correlation matrix. 
Boldman and Freeman (1990) suggested to adjust observations with genetic standard 
deviations: 
y." / <ygi = (X,b,. + Z.u,- + e,.) / <7gi 
with assumption of genetic correlation between heterogeneous groups equal to one. 
Kachman and Everett (1993) suggested estimating an adjustment factor for the zth 
heterogeneous group in the model instead of adjusting individual observations: 
y,- =(X,.b,. + Z,.u,.+e,.)^ 
with the assumptions of the same heritability across heterogeneous groups and genetic 
correlation between heterogeneous groups equal to one. 
Gianola et al. (1992) suggested a multiple trait approach to avoid a singular G matrix: 
y, = X,b,- + (Tg,Z,.u* + e,- , where u," = u, / ag,-
with genetic correlations among heterogeneous groups equal to one, but allowing different 
heritabilities across groups. Foulley and Quaas (1995) extended the method above to 
multiple dependent u-components: 
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y," =X,.b,+X(Tj,yZ,yu}+e,. 
y=i 
i.e., sire and maternal grandsire effects with the same assumptions, but no assumption for the 
genetic correlation between u-components. This method can be extended to multiple trait 
cases. It is still difficult to estimate heterogeneous genetic covariances among traits with 
heterogeneous groups (conunent by Gianola in Foulley and Quaas, 1995). As well, the 
number of covariances that need to be known in the multiple trait heterogeneous mixed linear 
model can be substantial. For example, a two trait case with 10 heterogeneous groups, would 
require knowledge of 20 genetic variances and 190 genetic covariances. Among the 190 
covariances, 90 of them can be OaiOay. with the assumption of a perfect genetic correlation 
between heterogeneous groups within traits, but the other 100 covariances need to be 
estimated with no assumption about their ultimate value. Note that one of the methods for 
adjusting heterogeneous variances for different groups, e.g. male and female, proposed by 
Visscher and Thompson (1990) had a mistake in the derivation for var(u). Let A be the 
relationship matrix, and equal to TDT, where T is a lower triangular matrix and D is a 
diagonal matrix. Then, A can be partitioned to: 
A = TDT' = T 
0' 0 0 • m 
0 T+ T 0 D/. 0 
T', where Dm (D/) is the sampling variance of male 
(female) animals. The variance of u is proposed as: 
'D„ 0 
Var(u) = T m 0 0 T'o-^ + T 
0 0 
0 D fj T'o"^ , where crg„(cT^) is the direct genetic variance 
of male(female) animals. For example, there are only two animals, a male and a female, in 
the relationship matrix, the T and D matrices become: 
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T = 
Var 
0 
}n ^22 J 
U„ 
.D = 
0 nt 
0 d f , ±en 
hi 2 
I 0
 
1 1 O 
O
 ^11 hi 
+ 
1 
o
 1 
S
 _fj2 ?22. 1 
o
 1 1—
 
0
 
1 V 
hl^mhl hl^mhl 
+ 
"0 0 
.hl^mhl hl^mhl. 
gm 0 ^22^m^22. 
Apparently, the direct genetic variance of a male () gets into the male and female animals 
at the same time, whereas the female direct genetic variance (<t^ ) just influences part of the 
variance of the female solution. This is because the two parts after partitioning A do not have 
0" 
equal contributions to genetic relationship, i.e., the first part ( ^
o" 0 T') has more of a 
contribution than the second part (T 
0 0 
0 D / J  
T'). 
Among the statistical methods used in the previous smdies, a Bayesian approach is 
more appealing for estimating heterogeneous (co)variances, because the prior distributions of 
the heterogeneous parameters can be treated flexibly to accommodate large data sets and a 
relatively large number of heterogeneous groups. Gianola (1986) showed that the method of 
weighing observations by their phenotypic standard deviation (Hill, 1984) had a Bayesian 
interpretation. Visscher and Hill (1992) also provided a similar interpretation of Bayesian 
regression for the method proposed by Hill (1984) and Brotiierstone and Hill (1986). Foulley 
et al. (1992) incorporated the idea of a log-variance model into the Bayesian approach which 
was derived from the method proposed by Leonard (1975). Gianola et al. (1992) applied a 
multiple trait approach with Empirical Bayes method to make inferences from the joint 
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posterior distribution and the REML estimates with homogeneous (co)variances. Thus, this 
method compromised between Bayesian and REML approaches. Kachman and Everett 
(1993) treated the scaling factor for each environment as an independent random variable to 
construct a log marginal posterior distribution of the interesting parameters. But, the variance 
component estimates obtained by this method are equivalent to REML estimates. All these 
developments, and some applications based on them, were for the univariate case. FouUey 
and Quaas (1995) extended the development to multiple random genetic effects, such as sire 
and matemal grandsire. This extension can be applied to multiple trait cases, but they did not 
provide sufficient information to make this possible. 
The Markov Chain Monte-Carlo (MCMC) method, such as Gibbs sampling, can 
provide a full Bayesian approach with relatively easy computation, compared to an Empirical 
Bayes method (Gianola et al. 1992), and making inferences from the joint posterior 
distribution by integrating the nuisance parameters out, such as VEIL (Gianola and Foulley, 
1990). By the Gibbs sampling method, the marginal posterior distribution for each parameter 
of interest, i.e., variance, covariance, breeding value of a particular sire, or contrast of a set of 
solutions, is calculated indirectly without integrating die joint posterior distribution for all the 
other parameters. Gibbs sampling is more useful when the dimension of parameters in the 
joint posterior distribution increases. Thus, the Gibbs sampling method may be more 
appealing to analyzing large data sets with a large number of heterogeneous groups, i.e., 
multiple trait cases, than the Bayesian methods mentioned above (see comments by Gianola 
in Foulley and Quaas, 1995). 
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CHAPTER 2. SELECTION FOR GROWTH AND REPRODUCTIVE SUCCESS IN 
TRIBOUUM CASTANEUM: EXPERIMENTAL DESIGN, (CO)VARIANCE 
COMPONENTS, AND GENETIC TRENDS 
A paper to be submitted to Journal of Animal Science 
En-Chung Lin and P.J. Berger 
Abstract 
Estimates of environmental and genetic trends from a 16 generation selection 
experiment are reported. The experiment addresses the question of selection for a primary 
trait, weight at fixed age, and secondary trait, reproductive success as measured by family 
size. Four lines derived from a conamon base population were selected for increased pupa 
weight (PW), family size (FS), an index giving equal weight to pupa weight and family size 
(IN), and a randombred control (CN). In each of two replications there were 16 generations 
of within-line selection. Genetic trends in pupa weight (PWT) were 107.3 (61.4), 11.2 (9.3), 
30.0 (34.4), and -0.1 (-1.6) |ig per generation in the PW, FS, IN, and CN lines, first and 
second replications, respectively. Genetic trends in family size (FST) were 0.05 (0.21), 0.37 
(0.38), 0.48 (0.46), and 0.02 (0.05) per generation in the same lines described above. 
Experimental evidence is given showing a change in the total phenotypic variance associated 
with the method of selection for PWT. The total phenotypic variance for PWT was 2.11 
(1.51), 1.40 (0.95), and 1.42 (1.10) times larger in the PW, FS, and IN lines, respectively, 
than in the CN line. Most of the change in total phenotypic variance was explained by the 
within full-sib family variance from an animal model analysis. It is argued that the change in 
variance is biologically based, probably due to competition for limited nutrients, and cannot 
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be removed by a transformatioa of scale. Different REML estimates of (co)variance 
components from the base population, control line, and certain selected lines were reported. 
Estimates of (co)variance components were not consistent across lines and replications. It 
was concluded that REML estimates of (co)variance components from populations under 
selection may not be interpreted as estimates of the genetic parameters in the unselected base 
population under all circumstances, particularly if one or several of the usual assumptions of 
infinitesimal model, no mutation, no drift, homogeneous variances across generations or no 
genotype by environment interaction are not true. 
Introductioii 
Selection on growth traits has been emphasized for a long time. Continuous progress 
in many economical species due to higher heritability associated with most growth traits is 
clearly evident. For female reproductive traits, it is much more difficult to improve genetic 
merit by selection because many of the reproductive traits have lower heritabilities. Female 
reproductive traits, however, also account for a large proportion of variation associated with 
physiological factors, such as uterus capacity and hormone system (Rothschild, 1996). 
Previous studies have shown negative correlations between growth and female reproductive 
traits in many species, pig (Irvin and Swiger, 1984; Young et al., 1978), cattle (Bourdon and 
Brinks, 1982; Smith et al., 1989), sheep (Fogarty et al., 1982) and mice (Nagai et al., 1982). 
Thus, selection on a growth trait will reduce the female capability in reproduction. 
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Heritability can be estimated from parent-offspring regression or as realized 
heritability when a population is selected for a particular trait or an index of traits (Falconer, 
1989). For a correlated trait not directly under selection, these methods can not give unbiased 
estimates of heritability. Multivariate Restricted Maximum Likelihood (MT REML) with an 
animal model is necessary to obtain unbiased estimates of heritability for all traits under 
direct selection and indirect selection as correlated traits (Meyer and Thompson, 1984). The 
purpose of this research was to investigate the genetic and environmental relationship 
between growth and reproductive traits and to determine how the relationship can influence 
both direct and correlated responses to selection. A complete experiment is necessary to 
identify the influence of selection on a growth trait, a reproductive trait, or both by an index 
compared to an unselected control. This type of a selection experiment can be used to 
demonstrate the consequences of ignoring correlated traits. Experimental evidences in 
support of ways to incorporate two or more traits in a breeding program is needed. Of 
particular interest is the simultaneous improvement of two traits that are antagonistically 
correlated. 
Laboratory animals, i.e., mice, Drosophila and Tribolium, have been used as models 
to discover the preliminary and theoretical inferences in quantitative genetics (Bell, 1974). 
The convenience of management, shorter life cycle and economic factors favor the use of 
laboratory animals in selection experiments, even though they can not completely represent 
the economically important animals, i.e., cattie, swine, poultry. The purpose of this paper is 
to describe a complete selection experiment for growth and female reproductive traits using 
Tribolium castaneum. Estimates of (co)variance components and selection responses from 
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the experiment are reported. The results from selection experiments are not always 
consistent with the expected outcome based on quantitative genetics theory (Falconer, 1989). 
Some interesting features of this selection experiment indicated that thorough analyses were 
needed to explain the complex relationship between two traits. Subsequent papers discuss 
genetic parameter estimation in control populations, properties of genetic parameter 
estimates, and estimation of genetic response using mixed models to account for 
heterogeneous within fiill-sib family variance. 
Materials and Methods 
Experimental design 
The base population of Tribolium castaneum, red flour beetle, came from 24 hr. egg 
lays from stock with a pearl eye mutant gene maintained in the laboratory. Through the 
whole experiment, all the animals in each family were raised in cardboard-capped 20 ml glass 
bottles containing 0.4 g of 5% yeast-fortified whole wheat flour, which had been sifted 
through a 35 mesh sieve to remove the bran, in a controlled environmental chamber at 38 ± 1 
°C temperature and 70 ± 5 % relative humidity. From this base population, there were four 
selection lines named by the criteria for selection (Figure 1). Animals were all selected 
within line, and their parents only came from the previous generation. In the pupa weight 
line (PW line), 18 males were mated to 54 females in each generation. Each male was mated 
to three females at three different mating times. Females were transferred to fresh media for 
24 hr. after mating so each family developed from the number of eggs laid in a 24 hr. period. 
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Figure I. Experimental design of Tribolium selection lines. 
The three families in each mating group were transferred on three consecutive days (sets) in 
each generation to distribute the workload in the laboratory. Each family was counted at 19 
days; three fiill-sib male and female pupae from each family were weighted at 19 days 
(PWT). Then, 18 males and 54 females with the heaviest 19-day deviated pupa weight (19 d, 
dev. PWT): 
19 d. dev. PWT = PWT - (mean of gen.-set-sex) 
were selected to produce the next generation. Note that by taking the deviation for PWT the 
environmental influence was eliminated from the selection. 
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In the family size line (FS line), 54 males were selected and mated at random to 162 
females, one male to three females. Females were divided into three sets, as in the PW line. 
Family size (FST) was counted at 12 day and the 54 largest families were retained for 
weighing at 19 day. The criterion for selection in the FS line was the 54 largest families, 
based on 12-day deviated family size (12 d. dev. FST), defined as: 
12 d. dev. FST s FST - (mean of gen.-set). 
The number of matings in the index line (IN line) was the same as in the FS line; 54 
males were selected and mated at random to 162 females, one male to three females. Family 
size (FST) was counted at 12 day and the 54 highest ranking females, based on an index 
combining both 12 d. dev. FST and 19 d. dev. PWT, had their families retained for weighing 
at 19 day. The index for ranking females was: 
index = .094*(12 d. dev. FST) + .0024*(19 d. dev. PWT), 
where .094 and .0024 are the index weights; 12 d. dev. FST and 19 d. dev. PWT were from 
the female parent producing the family. This index was developed to achieve an equal 
contribution from the two traits, PWT and FST, to the aggregate genotype of the index 
(Berger, 1977). The control line (CN line) was maintained by random selection and mating 
54 males and 54 females. 
Electronically calculated sets of random numbers were used to randomized selection 
(i.e., males in the FS, IN and CN lines; females in the line) and matings in all lines where 
necessary. Inbreeding was minimized as much as possible by avoiding all full- and half-sib 
matings. The mating and selection procedures in each of the four lines were repeated for 16 
generations. Three full-sib males and females, selected randomly from all pupae in a family. 
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were kept from each family at 19 day for each line. This same experimental design was used 
for a second replication with another sample of pupae from the original stock in the 
laboratory used as the base population for this replication. 
Data 
In the first repUcation there was a primary trait, pupa weight (PWT), and a secondary 
trait, reproductive success, determined by family size (FST). PWT was measured on all 
animals. FST, however, was a trait of the females producing families, having a genetic 
component transmitted by males as well as females. Because three males and females were 
kept from each family in each generation, the numbers of animals with records for PWT in a 
single generation was 324 in all the four lines (Table 1). There were 1296 animals with 
records for PWT in the base population which produced the animals selected for the first 
generation in the four selection lines. In the eighth generation, there was an unusually large 
number of infertile matings in all four lines. Therefore, the number of animals in the four 
lines for the ninth generation was smaller than in the other generations. After the ninth 
generation, the number of animals in the PW Une decreased through the later generations 
because some of the famihes had less than three male and three female pupae. The number 
of animals in the other three lines after the ninth generation was not affected. Three extra 
full-sib females were kept from each family of each lines in the third, seventh and eleventh 
generations to produce enough animals for mating across lines, which are not reported here. 
Thus, the number of animals with records for PWT in these three generations were about 1.5 
times larger than in the other generations. The number of animals with records for PWT 
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Table 1. Number of observations for pupa weight (PWT) and family size (FST) in each line 
of first replication. 
Gen. 
PW line FS line IN line CNline 
PWT FST PWT FST PWT FST PWT FST 
0 1296 419 1296 419 1296 419 1296 419 
1 324 54 324 151 323 152 324 54 
2 323 54 323 156 323 149 323 54 
3 481 54 485 311 484 290 482 54 
4 324 54 324 156 323 151 324 54 
5 324 54 324 155 323 146 323 54 
6 323 54 324 160 324 153 324 54 
7 479 54 485 287 482 285 484 54 
8 324 25 324 47 323 52 323 37 
9 140 54 270 130 283 130 218 54 
10 304 54 324 160 324 142 324 54 
11 410 52 485 246 483 274 478 54 
12 266 45 324 133 323 139 323 54 
13 215 44 324 138 324 145 324 54 
14 211 41 324 154 323 157 324 54 
15 182 24 324 135 323 129 324 54 
16 91 324 323 323 
Total 6017 1136 6908 2938 6907 2913 6841 1212 
included in the analyses is about two times larger than the number of animals with records for 
FST in the FS and IN lines, because FST is a reproductive trait of the females producing 
progeny. All three females in each family of the FS and IN lines produced progeny for the 
next generation so that all females in these two lines had records for FST. In the PW and CN 
lines, only those females selected to produce progeny for the next generation had records for 
FST. Therefore, the numbers of animals with records for FST was about one sixth of the 
number of animals with records for PWT. Moreover, there were no records for FST in the 
last generation, the 16th generation, because these animals were not mated. 
In the second replication, there were fewer infertile females in and after the 8th 
generation (Table 2) than in the first replication. The PW line still had more infertile females 
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Table 2. Number of observations for pupa weight (PWT) and family size (FST) in each line 
of second replication. 
Gen. 
PW line FS line IN line CNline 
PWT 1 FST PWT FST PWT FST PWT FST 
0 1292 403 1292 403 1292 403 1292 403 
I 324 53 323 133 324 135 324 53 
2 309 54 324 145 324 146 321 53 
3 324 53 324 136 324 122 324 54 
4 475 52 486 243 486 275 480 53 
5 324 54 324 120 324 126 324 55 
6 324 54 324 129 324 152 324 54 
7 458 54 481 259 486 226 485 54 
8 320 49 324 136 324 142 324 54 
9 269 54 324 137 324 143 324 54 
10 314 48 324 146 324 146 324 54 
11 342 51 486 258 483 288 480 54 
12 287 28 324 136 324 146 324 54 
13 148 50 319 144 324 156 324 54 
14 283 50 324 149 324 137 324 55 
15 272 50 324 154 324 147 324 54 
16 277 324 324 324 
Total 6342 1157 6951 2828 6959 2890 6949 1213 
than in the other lines. The extra fiall-sib females were kept in generations 4, 7 and 11, which 
was one generation behind the first replication in the first set (the 4th generation). 
In general, the phenotypic trends, which are the phenotypic means by generation, were 
similar in the two replications (Figure 2). The PWT increased much more in the PW line, 
135.2 (ig per generation, 4.90% of the base population mean (118.0,4.21%) through 16 
generations in the two replications, respectively, than in the other three lines; 9.9,0.36% (2.1, 
0.07%) FS; 35.3,1.28% (35.2, 1.26%) IN; -0.19, -0.01% (-.8.89, -0.32%) CN. The 
phenotypic trend for PWT in the IN line was less than in the PW line, but larger than in the 
FS and CN lines. The FS line had a phenotypic trend slightly larger for PWT than the CN 
line. Phenotypic trends for FST were quite different from the trends for PWT. The PW line 
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Figure 2. Phenotypic trends of pupa weight (PWT) and family size (FST) for four selection lines. 
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decreased in mean family size, -1.29 pupae per generation, -5.39% of the base population 
mean (-0.49, -2.04%) through 16 generations in the two replications, respectively, but FST 
in the first replication decreased more than in the second replication due to higher number of 
infertile females in and after the 8th generation. Phenotypic trends in the other three lines are 
similar for FST; -0.05, -0.21% (0.46, 1.93%) FS; -0.10, -0.43% (0.42, 1.75%) IN; -0.23, -
0.95% (0.19,0.80%) CN. The trends for FST in the FS, IN and CN lines decreased slightly 
in the first replication, while the trend in the second replication increased. 
Statistical methods 
A bivariate model used for variance component estimation and genetic evaluation 
was: 
YPWT 
YFST 
Km:_PWT Xsex_PWT 0 
0 0 Xmr_FST 
bin/_ PWT 
hsex_ PWT 
bmf_fsr 
b 
Zs_ PWT 0 Zc_ PWT 
0 Zg_ FST 0 
UR.PVW 
Us_f57-
Uc_ PWT 
U 
epwT 
QFST 
+ e Y = X  + Z 
where Ypwr and YFST are the vector of observations for pupa weight (PWT) and 
family size (FST); 
X's and Z's are the incidence matrices for the corresponding fixed effects 
(bm/.^wT, mating time effect for PWT; bj„_/>vvr> sex effect for PWT 
and b;„,jr57-, mating time effect for FST); and random effects (Ug ^wr, 
additive direct genetic effect for PWT; additive genetic effect for 
FST and \yc_pwr, permanent environmental effect for PWT explained by the 
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practice of raising fiill-sibs in a common environment of a single bottle; and 
e/>wT and epsr are the vectors of residuals for PWT and FST. The expectations and 
(co)variances of the model were: 
Y Xb' Y "ZGZ'-i-R ZG R" 
u = 0 , V u = GZ' G 0 
e 0 e R OR 
where G = 
^^g_PWT ^^g_PWT.FSr 
^^g_PWT.FST ^^g_FST 
0 0 
0 
0 
^^^c_PWT 
,R = I ® P W T  I N ( 7 , _  P U T "  
}^^e_Pm-,FST ^^e_FST 
A is the additive genetic relationship matrix. In and Ic are identity matrices with order equal 
to total number of animals and number of families, respectively. 
Variance components were estimated using Multiple-Trait Derivative-Free Restricted 
Maximum Likelihood (MTDFREML) procedure (Boldman et al., 1993). The convergence 
criterion was the variance of -21og(likelihood function value) in the simplex less than 10"'. 
The analyses were restarted by using the estimates from a previously converged round as 
starting values to check for possible local maximum. A global maximum was found in all 
four lines of each replication. 
For PWT, there were two fixed effects, mating times and sex were determined as 
significant effects for PWT (Berger, 1977). Mating time is the only fixed effect for FST. 
Environmental trends were estimated by averaging estimates for the three mating times 
within each generation. Random effects of additive direct genetic effects for both traits 
provided estimated breeding values of PWT and FST for each individual. Genetic trends 
were estimated by averaging the estimated breeding values of animals with records in each 
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generation. Genetic and environmental trends were estimated in all four lines in each 
replication. 
The distributions of PWT and FST in all the four lines were calculated using the same 
scale. Properties of the distributions were calculated to determine if the scale of 
measurement, |ig for PWT and ordinal for FST, or selection could influence both direct and 
correlated traits. Second, two univariate models for PWT and FST were used to obtain 
variances within each generation by using the generalized linear model (GLM) procedure 
(SAS Institute Inc., 1989): 
Yp  ^= mt + sex + sire+dam(sire) + e 
= mt + sire+e 
where mt is a fixed effect of mating time, 
sex is a fixed effect of sex, 
sire is a random effect of sire, 
dam(sire) is a random effect of dam within sire, and 
e is the random residual effect. 
The variances of these models are: 
V(sire) = Isaf, V(dam(sire)) = IdcT|, V(e) = Incr, 
where Is, Id and In are identity matrices with order equal to number of sires, number of dams 
and number of animals with records in each generation. 
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Results and Discussion 
The REML estimates of (co)variance components are given in Table 3. Within each 
line, the estimates include all data from the base population and 16 generations of selection 
for the trait(s) designated by the name of ±e line. There are relative differences across the 
four selection lines within each replication as well as between the two replications. Although 
the selection lines in each replication originated from the same base population, estimates 
Table 3. Estimates of (co)variance components for Tribolium selection data.' 
Trait^ PWT Across traits FST 
Line^ Repl. C^a ^apwtfst ^epwUit CTe cr, 
PW I 35375.7 7162.9 63231.4 105769.9 14.57 146.69 4.68 47.39 52.07 
2 17734.1 10856.0 48008.0 76598.1 59.97 13.20 9.12 59.41 68.53 
FS 1 31009.5 4791.2 34396.9 70197.6 104.28 24.33 7.89 51.18 59.07 
2 25550.4 3901.7 18687.9 48140.0 85.62 93.95 7.82 58.20 66.02 
IN 1 21167.8 5458.0 44326.6 70952.6 92.83 44.29 9.36 53.84 63.20 
2 24607.2 3902.8 26909.6 55419.5 133.49 14.58 9.48 64.19 73.67 
CN 1 24276.8 3221.6 22584.4 50082.8 64.01 82.43 9.31 31.84 41.15 
2 24316.6 4258.5 21994.1 50569.2 197.11 37.85 16.37 31.90 48.27 
' a^a= additive genetic, = permanent environment, = residual, CJ^, = total phenotypic variance, 
Oapwtfn = additive genetic covariance, and (JepwUst = residual covariance. 
" PW = pupa weight, FS = family size, IN = index, and CN = control. 
^ PWT= pupa weight; FST = family size. 
tended to vary among lines. In the &st replication, the PW line has the largest variance and 
error covariance for PWT, but the smallest genetic covariance and genetic variance for FST. 
Most of the estimates in the FS and IN lines are similar, except the error variance for PWT 
and genetic variance for FST, due to a similar mating structure and selection procedure, as 
well as more records for FST. The CN line has the smallest variances, except for the genetic 
variances for both PWT and FST. Estimates in the second replication followed a different 
pattern among the four selection lines. The PW line has the largest estimates of the 
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phenotypic, residual and permanent environmental variances for PWT, but the genetic 
variance for PWT is the smallest among the four lines. The covariances in the PW line are 
the smallest, while the estimates for FST were similar to those in the FS and IN lines. The 
FS and IN lines have sUghdy different estimates for the error variance for PWT, genetic 
variance for FST and the two covariances between PWT and FST. The estimates in the CN 
line are intermediate among the four lines, except for the genetic variance for FST and error 
covariance, which were the largest, while the error and total variances for FST were the 
smallest. Between the two replications, the estimates are different for all the (co)variances, 
but the CN lines in the two replications are close to each other in all the estimates except for 
the genetic variance for FST and the covariances. This implies that the base populations in 
the two replications were from the same population without much sampling error between 
them. Thus, the differences in the estimates from the other lines might be due to the selection 
procedure. The genetic variance should be reduced after selection due to gametic 
disequilibrium (Buhner, 1971), but the genetic variances for PWT in some of the lines in this 
study increased with selection. Falconer (1989), however, indicated that variance may 
increase when the mean increases, particularly in mice data, due to scale effects. The small 
number of females with records for FST may cause the differences in the genetic variance for 
FST and covariances between the two CN lines, because only the dams in each generation 
had records for FST. 
There are larger differences among estimates of (co)variance ratios, i.e., heritability 
and correlation, than the estimates of (co)variance across the four selection lines (Table 4). 
In the first replication, the largest heritability for PWT is in the CN line, then FS line, PW 
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Table 4, Estimates of parameters for Tribolium selection data. ^ 
Line^ 
Trait^ PWT Across traits FST 
Repl. h- rh^ CorTj CoiTe Corr, h^ r h" 
PW 1 .3345 .3585 .0677 .0358 .0847 .0687 .0898 
2 .2315 .3706 .1417 .1491 .0078 .0319 .1330 
FS 1 .4417 .4678 .0683 .2109 .0183 .0632 .1335 .0628 
2 .5308 .5328 .0810 .1915 .0901 .1007 .1185 .0435 
IN 1 .2983 .3681 .0769 .2086 .0287 .0648 .1481 .0635 
2 .4440 .5576 .0704 .2764 .0111 .0733 .1287 .0563 
CN 1 .4847 .0643 .1346 .0972 .1020 .2263 
2 .4809 .0842 .3124 .0452 .1504 .3391 
' = heritability, rh^ = realized heritability, = percentage permanent environmental variance, Corr, = 
additive genetic correlation, Corrg = residual correlation, and Corrt = total phenotypic correlation. 
^ PW = pupa weight, FS = family size, IN = index, and CN = control. 
^ PWT = pupa weight, and FST = family size. 
line and IN line. For percentage permanent environmental variance, C", for PWT, the 
estimates are very similar across lines. The heritability estimate for FST is largest in the CN 
line, similar but smaller in the FS and IN lines, and smallest in PW line. The genetic 
correlations are similar in the FS and IN lines, and larger than in the CN and PW lines. 
Estimates for the error correlation were smaller in the FS and IN lines, than in the PW and 
CN lines. The total phenotypic correlations were similar in all four lines. Due to similar 
selection procedures, the FS and IN lines were expected to have similar estimates. Estimates 
in the FS and IN lines were similar except for heritability for PWT. Differences among 
estimates from the four selection lines were also present in the second replication. The 
heritability estimate for PWT was largest in the FS line, then CN line, IN line, and PW Une. 
The CN line has the largest estimate of heritability for FST, then estimates from the other 
three lines were closer to each other. For C^, the PW line has the largest estimate, about two 
times larger than in the other three lines, which are much closer. The correlation estimates 
(genetic, error and total phenotypic) were different among the four lines. Again, the two CN 
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lines have similar estimates for heritability and C for PWT, but the correlations and 
heritability estimates for FST were different across replications. The single trait realized 
heritability was estimated for comparison with the REML estimates. Realized heritability 
estimates still varied among the four selection lines for both replications. From an analysis of 
the PW and FS lines in the first replication of this same experiment, Berger (1977) reported 
realized heritabilities, .36 (PWT) and .11 (FST) in the PW line, .33 (PWT) and .09 (FST) in 
the FS line; genetic correlations, -.43 in the PW line and .03 in ±e FS line, by using a 
multiple trait procedure for estimation of realized genetic parameters (Berger and Harvey, 
1975). The realized genetic parameters in the PW and FS lines from the first replication were 
more similar than those obtained by REML. Campo and Sanchez de la Blanca (1988) 
estimated heritabilities of, .36 (PWT) and .09 (FST); genetic correlation of .13, in the base 
population by parent-offspring regression from a different experiment. These estimates were 
also similar to the realized genetic parameters estimated by Berger (1977), except for the 
large negative genetic correlation in the PW line. 
Three well regarded properties of animal models and likelihood based methods of 
parameter estimation have been accepted by a large number of researchers. These properties 
are believed to hold true for large and small populations without regard to the breeding 
scheme responsible for selection of parents and regeneration of progeny. First, animal 
models account for the effects of selection (Sorenson and Kennedy, 1984), provided the 
model includes all data on which selection is based, the relationship matrix among all 
animals is complete, and the model is correct. Second, REML estimates of variance 
components are unbiased by selection and assortative mating (Gianola and Fernando, 1986). 
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Third, in selected populations estimates of error and additive genetic variances are estimates 
of the variances in the base population before selection (Sorenson and Kennedy, 1984; van 
der Werf, 1992; van der Werf and Thompson, 1992). This, of course, is highly desirably 
because the base population is considered to be a reference population that is the basis for all 
genetic change. Every animal in this experiment has a PWT and the relationship matrix is 
complete, therefore we expected the estimates of (co)variance components in the selected 
populations to be estimates of the parameters in the base population before selection 
(Sorenson and Kennedy, 1984). Also, REML analyses should be unbiased by selection 
(Meyer and Thompson, 1986; Gianola and Fernando, 1986) as long as at least one trait 
contains all the information on which selection is based. Several different transformations 
were used to eliminate any differences that might exist across the selection lines due to 
nonnormality, heterogeneity and non-additive interaction (Falconer, 1989), such as log 
transformation on the PWT and EST, log transformation on PWT and square root 
transformation on EST (Lin, 1992), and phenotypic standard deviation scale transformation 
for both traits (Lin, 1994 unpublished data). The log and square root transformations reduced 
the magnimde of the (co)variance estimates, but did not change estimates of the ratios, i.e., 
heritabilities and correlations. Transformation of scale implemented by dividing each 
observation by the ratio of the phenotypic standard deviation from each generation to the 
phenotypic standard deviation of the base population (Hill et al. 1983; Hill, 1984) can be 
used to eliminate differences among the phenotypic and error (co)variances across 
generations. This, of course, assumes that changes in additive genetic variance are equal to 
changes in the phenotypic variance. One can argue that no transformation of scale is 
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necessary because the coefficients of variation (CV) for PWT in all four lines of both 
replications are less than 20% (8 to 21%) (Falconer, 1989). Al±ough the CV for FST in all 
four lines of both replications are larger than 20% (27 to 40%), the transformation of scale 
had little effect on equalizing REML estimates across the four lines. 
The REML method used to obtain the estimates of variance components assumes a 
multivariate normal distribution (Harville, 1977). Thus, the distributions were plotted for 
both traits across the base population and subsequent 16 generations of selection in all four 
lines of the two replications (Figure 3). For both replications, the distributions for PWT were 
affected by the selection on PWT. The PW lines have positive Kurtosis and very flat 
distributions. The IN lines with selection on both PWT and FST have flatter distributions 
compared to the FS and CN lines. All the distributions for FST in all the lines have negative 
Kurtosis. The modes of the FS lines moved to the left of the modes of the CN lines. The PW 
and IN lines have flatter distributions than the CN and FS lines. The modes of the PW lines 
also moved to the left of the CN lines as did the FS lines. The selection for PWT and FST 
had some effect on the distributions for FST. These skewed distributions may influence 
REML estimates, due to some violation of underlying assumptions concerning multivariate 
normality. Of course, because selection is within levels of fixed effects, generations 
equivalent to mating time, these distributions are an overexageration of the true distributional 
differences among animals within generations. The mixed model is expected to account for 
the effects of selection as long as selection is within levels of fixed effects (Henderson, 
1985). Moreover, the estimates of genetic parameters and the prediction of breeding values 
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from a multi-generation selection experiment are generally based on the assumptions of a 
multivariate normal distribution and infinitesimal genetic model. 
Each generation ignoring genetic relationships was analyzed by using GLM univariate 
models to check for homogeneity of variances. The error and total phenotypic variances for 
PWT and FST are shown in Figures 4 and 5. After the 6th generation, both the error and total 
phenotypic variances for PWT in the PW lines of both replications increased; larger in the 
first replication than in the second replication. Both variances increased in the FS and IN 
lines in the first replication, but not in the second replication, while the variances in the CN 
lines remained at similar levels across the base population and subsequent 16 generations for 
both replications. The variances for FST fluctuated across the 16 generations (the last 
generation did not have this trait), partially due to the limited amount of information 
available in the data. The total phenotypic variance in the PW lines in both replications 
generally increased from the base populations. The total phenotypic variance in the FS and 
IN lines increased in the first replication but remained relatively constant in the second 
replication. Estimates of the variances were similar across ail generations of the CN line in 
first replication. The CN line in ±e second replication had similar estimates after the second 
generation, but these were smaller than the base population. But, the averages of the 
estimates over the base population and subsequent 16 generations in both CN lines were 
similar, making the REML estimates much closer in both replications than in the other lines. 
Therefore, the homogeneity assumption was not satisfied in the selection lines of both 
replications, especially in the PW lines. Trends in the error variance were nearly identical 
with trends in the total phenotypic variance, enabling us to conclude that most of the 
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heterogeneity of the variance can be explained by changes in the error variance. Also, it 
should be noted that the error variance is pure within full-sib family variance, free of 
distortion by any other factors. 
Differences among the REML estimates from the four lines and between the two 
replications might be caused by two factors: 1) non-normality; and/or 2) heterogeneity. Pupa 
weight nearly doubled over 16 generations of selection in the PW line, yet no provisions were 
made to increase the amount of nutrients to support the additional growth. An entire family 
was raised in a cardboard-capped 20 ml glass bottle containing 0.4 g of 5% yeast-fortified 
whole wheat flour. Conceptually, the nutrients available in a bottle for each family are like a 
threshold variable. As long as there are excess nutrients to meet all demands for growth, the 
environment is stable. As weights exceed the threshold, however, there is greater 
competition for nutrients. Nutrients were not a limiting factor for growth up to the sixth 
generation. In later generations, however, a bottle containing heavier bugs and/or a larger 
family might give rise to greater competition for nutrients. More competitive bugs would 
have larger PWT and less competitive bugs would have smaller PWT, thus, causing the 
within full-sib family variance to increase. Competition among individuals in the same 
environment is known to be higher among close relatives with similar genetic potential than 
in unrelated or less related individuals in Tribolium populations (Garcia and Tore, 1993). 
In addition, the large number of infertile females in the eighth generation may also 
have contributed to the larger variances in the first replication. This environmental restriction 
could cause more intense selection for PWT because the heavier bugs selected might be those 
with higher competition for nutrients instead of those with higher genetic potential for growth 
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alone. A possible genotype by environment interaction miglit be introduced into the later 
generations. This situation could happen in larger animals when feed or nutrient supplies do 
not fit the needs of animals with higher genetic potential for growth. Selection based on FST 
might not cause as dramatic an effect as selection for PWT, but the competition in a family 
with more bugs should be larger than in a small one. The effect might be reduced by 
cannibalism which is common in the larva and adult stages of Tribolium under certain 
environmental restrictions (Yamada, 1974). Thus, we might expect different effects due to 
competition in the PW, FS, and IN lines, while the CN line might not be affected by 
competition. As well, the scale transformations mentioned above could not properly 
eliminate the scale effects due to the complication of non-normality, heterogeneity and 
genotype by environment interaction in this case. The CN lines in both replications, 
however, were unaffected by competition for nutrients in all the families across 16 
generations. Even though the CN line in the first replication was affected by some infertile 
females in the eighth generation (Table 1), which caused the error and total phenotypic 
variances for PWT to be higher in the ninth to thirteenth generations (Figure 4), the effect 
was not big enough to change the variances. The other lines in the first replication have 
larger changes in the variances for PWT than in the second replication, due to more infertile 
females in the eighth generation. Thus, the differences among the four lines are larger in the 
first replication than in the second replication. More detailed analyses may be necessary to 
study the problem of heterogeneity of (co)variances across generations, i.e., analyses that 
could make more use of genetic relationships among animals. Genetic parameter estimation 
under conditions of heterogeneity are discussed by Lin (1997). 
The environmental and genetic trends for both PWT and FST in the selection lines 
depend on REML estimates of genetic parameters (Meyer and Thompson, 1986). The 
environmental trends were expected to be similar across the base population and subsequent 
16 generations for all the selection lines due to the controlled environmental conditions in the 
laboratory. The environmental trends for PWT in the PW lines in both replications increased 
through the base population and subsequent generations, about 28.0 |ig per generation in the 
first replication and 56.8 pig per generation in the second replication (Table 5 and Figure 6). 
Table 5. Estimates of responses to selection for pupa weight in Tribolium selection 
data.' 
Line^ Repl. AP/gen. AP%/gen. AE/gen. AG/gen. AGp/gen. (APu^-APcn) 
PW 1 135.2^ 4.90 28.0 107.3 135.4 
2 118.0 4.21 56.8 61.4 126.9 
FS 1 9.9 0.36 -1.2 11.2 10.0 
2 2.1 0.07 -7.2 9.3 11.0 
IN I 35.3 1.28 5.5 30.0 35.5 
2 35.2 1.26 0.9 34.4 44.1 
CN I -0.2 -0.01 -0.0 -0.1 0.0 
2 -8.9 -0.32 -7.2 -1.6 0.0 
' AP/gen.= phenotypic response per generation, AP%/gen.= percentage of phenotypic response to 
the phenotypic mean of base population, AE/gen.= environmental trend per generation, AG/gen. 
= genetic response per generation, and AGp/gen.= AP/gen. of selection line - AP/gen. of the CN 
line. 
" PW = pupa weight, FS = family size, IN = index, and CN = control. 
^ the unit used is ng. 
The environmental trend in the IN lines increased slightly for PWT, while the FS and CN 
lines remained relatively constant through the base population and subsequent 16 generations 
in both replications. If the hypothesis of heterogeneity of (co)variance is true, then the 
estimates of environmental trends may change, because the solutions for mating time effects 
were calculated in the MME assuming homogeneous (co)variance components over the base 
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Figure 6. Environmental trends of pupa weight (PWT) and family size (FST) for four selection lines. 
population and subsequent 16 generations. The phenotypic standard deviation transformation 
of scale gave a negative estimate of the environmental trend for PWT in the PW line of the 
first replication (Lin, 1994 unpublished data) which showed that the transformation did not 
take out the scale effect, but create another one. The environmental trends for FST of the 
four lines in the first replication decreased about 0.24 bugs per generation in the CN line, 
0.43 bugs per generation in the FS line, 0.58 bugs per generation in the IN line and 1.34 bugs 
per generation in the PW line (Table 6). In the second replication, the trend in the CN line 
Table 6. Estimates of responses to selection for family size in Tribolium selection 
data.' 
Line^ Repl. AP/gen. AP%/gen. AE/gen. AG/gen. AGp/gen. (APisk-APcn) 
PW 1 -1.29^ -5.39 -1.34 0.05 -1.07 
2 -0.49 -2.04 -0.71 0.21 -0.67 
FS 1 -0.05 -0.21 -0.43 0.37 0.18 
2 2.09 1.93 0.09 0.38 0.28 
IN I -O.IO -0.43 -0.58 0.48 0.13 
2 0.42 1.75 -0.04 0.46 0.23 
CN 1 -0.23 -0.95 -0.24 0.02 0.00 
2 0.19 0.80 0.14 0.05 0.00 
' AP/gen.= phenotypic response per generation, AP%/gen.= percentage of phenotypic response to 
the phenotypic mean of base population, AE/gen.= environmental trend per generation, AG/gen. 
= genetic response per generation, and AGp/gen.= AP/gen. of selection line - AP/gen. of the CN 
line. 
- PW = pupa weight, FS = family size, IN = index, and CN = control. 
^ the unit used is bug. 
was relatively constant across the 16 generations. The trends in the FS and IN lines increased 
slightly from the base population. The environmental trend in the PW line decreased, as in 
the first replication, about 0.71 bugs. Estimates of the environmental trends for FST may not 
be affected by heterogeneity or competition for nutrients as much as for PWT, but the 
infertile females in and after the 8th generation in the first replication can have some effect to 
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create the downward trends. In the second replication, less affected by both heterogeneity 
and infertile females, the environmental trend increased in the FS and IN lines. In general, 
the genetic trends for PWT and FST in all the four lines of both replications were positive, 
except, of course, for the CN lines where there was no genetic change (Figure 7). For both 
replications, the genetic trend for PWT was largest in the PW lines (107.3 and 61.4 ^tg per 
generation), followed by the IN lines (30.0 and 34.4 \Lg per generation), the FS lines (11.2 
and 9.3 [ig per generation) and the CN lines. The genetic trend for FST was largest in the IN 
lines (0.48 and 0.46 bugs per generation), followed by the FS lines (0.37 and 0.38 bugs per 
generation), the PW lines (0.05 and 0.21 bugs per generation) and the CN lines. These 
results are consistent with expectations, but the amount of the increase may be over or 
underestimated due to the influence of non-normality and heterogeneity on REML estimates 
of (co)variance components used to solve the MME. Further study of methods for estimating 
trends under conditions of non-normality and heterogeneity is necessary to clarify the 
influence when these assumptions are violated (Lin, 1997). 
Conclusion 
Both genetic and environmental factors that influence REML estimates of 
(co)variance components and solutions of MME were found in this study. The competition 
for nutrients in a family raised in the same bottle might be larger in families with heavier 
weights genetically and with more bugs. Due to this competition genetic and environmental 
effects were confounded after six generations of selection for PWT, FST, or both. In 
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addition, the infertile females in both replications, more in the first replication than in the 
second replication, added to the influence of the competition, making genetic and 
environmental effects more complicated. A complication of non-normality and heterogeneity 
appeared in the selection lines of both replications, which does not satisfy the usual 
assumptions of REML estimation in mixed models. The CN lines, were least affected by 
non-normality and heterogeneity of variances, and provided a comparison to the selection 
lines toward a better understanding of the complication. Checking normality and 
homogeneity may be needed before using REML and mixed model methods to carry out 
genetic parameter estimation and genetic evaluation. This complication may not be as 
apparent in larger animals as in smaller experimental animals, i.e., mice, Tribolium and 
Drosophila, due to the different body size. For example, Tribolium, a flour beetle, can 
increase in weight to double or even triple the weight in the base population after intense 
selection over several generations. Larger animals may not have as dramatic an increase in 
body size, but the normality and homogeneity may still need to be checked in some cases, 
i.e., crossing several different breeds in rotational breeding schemes, long term directional 
selection for body size, pooling several sources of animals in a genetic evaluation or 
(co)variance component estimation. In addition, not all of the scale effects of non-normality, 
heterogeneity and non-additive interaction can be eliminated by the usual transformations of 
scale. The real influence of scale depends on the resources and the degree of complication of 
the scale effects with other factors, but a control group and replication of experiments is 
needed to examine and clarify the scale effects. 
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CHAPTER 3. COMPARISON OF (CO)VARIANCE COMPONENT ESTIMATES IN 
CONTROL POPULATIONS OF TRIBOLIUM CASTANEUM BY USING REML AND 
GIBBS SAMPLING 
A paper to be submitted to Journal of Animal Science 
En-Chung Lin and PJ. Berger 
Abstract 
Mixed model (co)variance component estimates by REML and Gibbs sampling for 
two traits were compared for base populations and control lines of Tribolium castaneum. 
There were two base populations (1296 records in the first replication; 1292 in the second) 
sampled from a stock kept in laboratory. The control lines were derived from the 
corresponding base populations with random selection and mating for 16 generations. The 
REML estimate of each (co)variance component for both pupa weigh (PWT) and family size 
(FST) was compared with the mean, mode and 95% central interval of the particular 
(co)variance estimated by Gibbs sampling with three different weights on the given priors: 
"flat", smallest, and 3.7% degrees of belief. The results from Gibbs sampling showed that 
the "flat" priors gave a wider and more skewed marginal posterior distribution than the other 
two weights on the priors for all the parameters. In contrast, the 3.7% degree of belief on the 
priors provided reasonably narrow and symmetric marginal posterior distributions. 
Estimation by REML does not have the flexibility of changing the weight on prior 
information as the Bayesian analysis unplemented by Gibbs sampling. In general, the 95% 
central interval from the three different weights on the priors in the base populations were 
similar to those in the control lines while most of the REML estimates in the base 
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populations appeared to be different from the REML estimates in the control lines. An 
insufficient amount of information from data, confounding of random effects, and error in 
defining the model for a major fixed effect when combining data across experiments 
contributed to the variability of REML estimates in the base populations. Evidence is 
presented showing that some (co)variance components are estimated with less information 
than others. The results also support the hypothesis that REML estimates are equivalent to 
the joint mode of the posterior distribution obtained from a Bayesian analysis with "flat" 
priors, but only when there is sufficient information from data, no confounding among 
random effects and error in defining a major fixed effect. In addition, the behavior of 
covariance estimates were identified by using Gibbs sampling with different weights on the 
priors. In the absence of reasonably trustworthy prior information, Gibbs sampling with 
"flat" priors can give better approximations for estimates of (co)variance components than 
the REML estimates. This is true only if there is sufficient information from the data, and 
joint posterior distribution is proper by using the "flat" priors. 
Introduction 
The Bayesian approach was initially proposed by Gianola and Fernando (1986) to the 
general problem of variance component estimation in animal breeding as an alternative to the 
regression, ANOVA and REML methods. Gianola and FouUey (1990) derived a method for 
estimating variance components by using integrated likelihoods (VEIL) which started the 
practice of Bayesian analyses in animal breeding. Wang et aL (1993) introduced the Gibbs 
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sampling method to animal breeding for estimating variance components by using simulated 
data sets and a sire model. Since then, there have been several applications of Gibbs 
sampling: field data (Wang et aL, 1994a, 1994b), simulated data (Sorensen et aL, 1994; Van 
Tassell, 1994), maternally influenced traits (Jensen et al., 1994; Van Tassell, 1994), threshold 
model (Sorensen et aL, 1995), and major gene detection (Janss et aL, 1994). 
Until now most of these applications were conducted with "flat" priors, which is 
equivalent to likelihood based methods like REML (Harville, 1974). Gibbs sampling gives 
the marginal posterior distribution of each parameter, whereas REML provides the joint 
mode of the posterior distribution. Gianola and FouUey (1990) pointed out that the marginal 
posterior mode might be better for approximating the mean of the posterior distribution when 
the loss function is minimum mean square error. Thus, the real gain by using Gibbs sampling 
instead of REML might not be obvious when a "flat" prior is used in the analysis. Anodier 
disadvantage of using an improper "flat" prior is that it can give an improper estimate of the 
posterior distribution without warning in running the Gibbs sampler (Hobert and Casella, 
1996). For example, the marginal posterior distribution of a particular variance may heavily 
fall near zero when a "flat" prior is used. The only way to avoid this problem is to use proper 
priors. A prior from the family of proper priors can guarantee an estimate of the proper 
posterior distribution. 
Fixed effects specified in models commonly used in animal breeding are treated as 
random in Bayesian analysis (Gianola and Fernando, 1986). Yet to be examined is the effect 
of treating fixed effects as random variables on (co)variance component estimation in Gibbs 
sampling. Also, sufficient information from the data may be a critical problem (Wang et al.. 
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1993), because both REML and Gibbs sampling with a "flat" prior are totally dependent on 
information from the data (Harville, 1974). If the data provides insufficient information to 
make inferences about the (co)variance components, the results may not be reliable. 
Individual researchers may need to examine the role of their "belief in priors and the amount 
of information from the data on a case by case basis. The objective of this study is to 
compare both REML and Gibbs sampling estimates of (co)variance components with 
increased weights on the priors under different experimental conditions. Base populations 
and control lines are used in the analysis to illustrate sufficiency of information from the data. 
Incorrect specification of fixed effects are shown to influence the magnitude of some 
variance components. 
Materials and Methods 
Data 
A selection experiment using Tribolium castaneum, red flour beetle, was carried out 
with a primary trait, pupa weight (PWT) and a secondary trait, family size (FST). FST was 
modeled as a trait of the female. PWT was recorded for every animal, and FST was recorded 
for females that became dams of the next generation. Growth chambers were used to provide 
controlled environmental conditions of 38 ± 1 °C and 70 ± 5 % relative humidity, and 24 hr. 
dark cycle. Each family was raised in cardboard-capped 20 ml glass bottles containing 0.4 
gm of a 5% yeast-fortified whole wheat flour diet. One third of the matings were made on 
each of three consecutive days within each generation defined as the mating time variable in 
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subsequent analyses. There were four selection lines derived from a common base 
population which came from 24 hr. egg lay of stock with a pearl eye mutant gene. Among 
the four selection lines, there was a control line maintained with random selection and mating 
for each of 16 generations. There were 54 sires randomly mated to 54 dams in each 
generation, one sire to one dam, to produce 54 families. Each of the 54 families had three 
males and three females kept at random to be measured and recorded. Thus, there were about 
324 animals in each generation. The experiment was replicated giving two control lines 
(CN(1) and CN(2)) derived from two different base populations (Base(l) and Base(2)) with 
random selection and mating for 16 generations. More details about this experiment are 
described in Lin and Berger (1997, in preparation). The two base populations were expected 
to have similar parameters for both genetic and environmental effects because they were 
samples from the same stock. The two control lines were also expected to have similar 
parameters representing the populations with random selection and mating. Within each 
replication the base population and control line were expected to have similar genetic 
potential, however the control line had more information for estimation of environmental 
effects than the base population, due to the increased number of observations. The effect of 
increasing the number of observations on the estimation of (co)variance components by 
different statistical methods, REML and Gibbs sampling discussed in the next section was 
examined by combining the two base populations (Base(l+2)). This pooled base population 
doubled the number of observations for the two base populations. The number of 
observations, phenotypic mean and standard deviation of each data set analyzed are shown in 
Table 1. Note that CN(1) and CN(2) contain the records of Base(l) and Base(2), 
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Table 1. The number of observations, phenotypic mean, and standard deviation for the base 
populations and control lines.' 
Item Trait Base(l) Base(2) Base(l+2) CN(1) CN(2) 
No. of obs. PWT 1296 1292 2588 6841 6949 
FST 419 403 822 1212 1213 
y (std. dev.) PWT(^g) 2761.3(221.0) 2800.8(249.6) 2781.0 (236.5) 2742.9 (230.8) 2782.7 (234.1) 
FST{No.) 24.01 (6.73) 23.86 (8.36) 23.94 (7.57) 25.07 (6.63) 24.91 (6.97) 
Base(l) = the base population in the first replication; Base(2) = the base population in the second replication; 
Base(l+2) = pooled base population of the Base(l) and (2); CN(1) = the control line in the first replication; 
CN(2) = the control line in the second replication; PWT = pupa weight; FST = family size; y = overall 
phenotypic mean; and, std. dev. = standard deviation of the corresponding mean. 
respectively. Within each replication, the base population and control line have similar 
means and standard deviations for both PWT and FST. Also, the means and standard 
deviations are similar across the two replications. 
Statistical methods 
A two trait animal model for variance component estimation and genetic evaluation 
was: 
YPWT Xmx_ PWT Xt«_ PWT 0 bm;_PWT Zg_ PWT 0 Zc_ PWT Ug. PWT 6PWT 
YFST — 0 0 Xm:_FST bjer_ PWT + 0 1 o Ug.FST + eFST 
hmt_FST Uc_ PWT 
Y X b + Z u + e 
where YPWT and Yfsr are the vector of observations for pupa weight (PWT) and 
family size (FST); 
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X's and Z's are the incidence matrices for the corresponding fixed effects 
mating time effect for PWT; hsexj>m, sex effect for PWT 
and bmt_FST, mating time effect for FST); and random effects 
additive direct genetic effect for PWT; Ug_FST, additive genetic effect for 
FST and Uc_/>wr. permanent environmental effect or common environment for 
PWT among full sib families); and 
epwT and e^sr are the vector of residuals for PWT and FST. 
The expectations and (co)variances of the model were: 
Y Xb" Y "ZZZ'+R ZL R' 
u = 0 V u = SZ' Z 0 
e 0 e R 0 R 
where Z = 
Ac: 
Ac 
g_pwr 
g_ PWT. FST 
0 
Act g_ PWT. FST 
^^g_ FST 
0 
0 
0 
LC(J^ c_ PWT 
,R = ^<^e_ PWT In(Tj_ 
Ina;_ LA<7^  
A is the additive genetic relationship matrix, and In and Ic are identity matrices with order 
equal to the number of animals with records and families, respectively. The Z can be 
partitioned as 
G ® A  0 
0 IC(7^ PWT , where G is a matrix with the elements of genetic 
(co)variances, A  is the additive genetic relationship matrix defined above, and ® is the direct 
product. The corresponding vectors for the solutions of the genetic and permanent 
environmental effects are Ug = [u^pwx u^FSt] "c = "c_PWT • Although, the 
definition of fixed effects for a combined analysis across populations may seem 
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straightforward, some ambiguity exists. For example, there are three mating times in each 
replicate of the base population. Therefore, the mating time factor in Base(l+2) should 
logically have six levels, three from each of Base(l) and Base(2). The potential bias by 
incorrect specification of fixed effects was examined by fitting two models: Base(l+2)_ml 
with three levels for mating time and Base(l+2)_m2 with six levels for mating time. Both 
models were used to analyze the data by REML and Gibbs sampling with different weights 
on the priors. 
First, (co)variance components were estimated by using Multiple Trait Derivative-
Free Restricted Maximum Likelihood (MTDFREML) (Boldman et al., 1995). The 
convergence criterion was the variance of -21og(likelihood function value) in the simplex 
less than 10"®. The analyses were restarted with the estimates from a previously converged 
round as starting values to check for a possible local maximum. All estimates were global 
maximum in all the analyses including the Base(l), Base(2), Base(l+2)_ml, Base(l+2)_m2, 
CN(1), and CN(2),. 
Second, interval and point estimates of the marginal posterior distribution for each 
(co)variance component was carried out for all the data sets mentioned above by using 
Multiple Trait Gibbs Sampling in Animal Models (MTGSAM) (Van Tassell and Van Vleck, 
1995). The prior distributions for the (co)variances were an Inverted Wishart (IW) 
distribution for animal genetic and residual effects of both traits, including the covariance 
between the traits, and an Inverted Chi-square (IX) distribution for the uncorrected 
permanent environmental effect of the first trait, PWT. If a random variable, X, is a IW 
random variable, then the probability function of X is: 
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I 
p(Xlv,V) oc K(v,v-')|xr2"'"'"""exp r r ^ w I-w—I tr—V-'X 
V I 2 
where, K(v,V~') = 
X,V > 0;v > m+1, 
R « R,. 
2(U2)vm^(U4)m(in-l) nil 
V /•=' 
v - y  +  l  
(Johnson and Kotz, 1972). The parameter v is the degree of freedom corresponding to the . 
Wishart random variable and "degree of belief for the prior distribution, the matrix V 
describes the (co)variance structure of the variable X, and m is the dimension of V. The 
— 1 * «1 • 
mean of X is V / v , where V = v Vq , Vq is the (co)variance matrix specified from die 
prior information (REML estimates from the control line for this case), and v = v - m -1. 
Thus, the expected value of the prior density of the (co)variance matrix is equal to the values 
specified. In the univariate case, i.e., permanent environmental effect for PWT, the IW 
distribution corresponds to an inverted Chi-square distribution. Hobert and Casella (1996) 
pointed out that "flat" priors commonly used in the Gibbs sampling applications in animal 
breeding cases (Jensen et al.., 1994; Sorensen et aL., 1994; Wang et aL., 1993, 1994a) might 
in some cases give an improper joint posterior distribution. The "flat" prior is defined as a 
uniform distribution used as the prior distribution in the Bayesian approach to give the same 
probability for all the values over the parameter space. Thus, the degree of belief, v, in the 
prior distributions when a "flat" prior is used in our case would be -3, -2 and -3 for genetic, 
permanent environmental and residual (co)variances, respectively (Table 2). These degrees 
of belief, with V = 0, make the Inverted Wishart and Inverted Chi-square distributions 
uniform distributions. An increasing amount of weight on the prior information (e.g., flat. 
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Table 2. Degree of belief for prior distributions in Gibbs 
sampling analyses.* 
Prior (co)variances Base(l) Base(2) Base(l+2) 
Hat G -3 -3 -3 
^cj'wr -2 -2 -2 
R -3 -3 -3 
Smallest df G 4 4 4 
<^cJ>WT 3 3 3 
R 4 4 4 
3.7% df G 66 66 133 
cj'wr 8 8 17 
R 50 50 100 
Base(l) = the base population in the first replication; Base(2) = the 
base population in the second replication; Base(l+2) = pooled base 
population of the Base(l) and (2); G = the (co)variance matrix for 
genetic effect; o^c_pht= the variance of permanent environmental 
effect for pupa weight; and R = the (co)variance matrix for residual. 
small, to 3.7%) can be used as an analytical technique to evaluate estimates of posterior 
distributions. Two larger values of v and the REML estimates of (co)variance components 
from the control lines were used in the Gibbs sampling analyses of the two base populations 
and the pooled base population to examine the effect of increasing the weight on the priors on 
estimates of the posterior distribution and to avoid the problem of obtaining an improper joint 
posterior distribution. The smallest degree of belief was determined by adding one to m +1, 
because the IW distribution requires v > m +1, i.e., 4, 3 and 4 for genetic, permanent 
environmental and residual (co)variances, respectively. The 3.7% (= v/(v + q) = degree of 
belief in prior distribution / degree of belief in posterior distribution = 1/27 = 3.7%, where q 
is the number of levels for each random effect in the model used to analyze the data, i .e. ,  q = 
1728, 216, and 1296 for G, <rcj>m, and R, then v = 66, 8, and 50, respectively) degree of 
belief was defined to give more weight (or more belief) on the prior information (Wang et al., 
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1994b). But, for the control lines, only the "flat" priors were used in Gibbs sampling because 
we did not have better priors. The joint posterior density of the parameters given the data and 
the prior information for these analyses was: 
p (b, u, G, , RI y, Vy, Gg , R 0) 
|Gl xexp ~T^((^ir^o+sjG 
^{^^_PWR) 
-~(9C+VC+2) / 
•> 
xexp 
2<t; V ^^C_PWT 
r—(vcW_/'wr„ + <"c) 
xR 
-^(9r+Vr+3) / 
xexp 
1 
-jtr||vX+S,|R-' 
where = ^G_PWT^ ^^G_PWT ^G_PWR^ ^^G.FST 
yg.FSR^~\ ^G^PVIT ^G_FSR^ ^G-I'SR 
> S , =  ^PWT^PWT ^PWT^FST 
. ^FST^PWT ^FST^FST . 
Go = a 2 x 2 matrix of the REML estimates of genetic (co)variances from the control line for 
both traits, = the ElEML estimate of permanent environmental variance from the 
control line for PWT, Ro = a 2 x 2 matrix of the REML estimates of residual (co)variances 
from control line for both traits; v'g=Vg-2— 1; v*c = Vc— 1 — 1; and v*c= Ve-2- 1. 
Therefore, the full conditional density of the fixed effects is: 
p(blu,R,y) oc expj-^ (b-b)'(^X'R-'xj(b-b) , where 
b=(^X'R-'xj 'x'R-'(y-Zu) and b|ii,R,y-N(^b,(X'R-^Xr'J. 
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The full conditional density of the random effects is: 
p(ulb,Z,R,y) «exp|-^ (u - u)'(^Z'R- +1"' j(u - u) , where 
u = {Z'R-^Z + Z"' j 'ZTl"'(y - Xb). and ulb,Z,R,y-N{U,(ZTl"'Z + Z"'' 
The full conditional density of the G matrix is: 
p(Glu^,Go,v^) oc |G| xexp , where 
Glu^ ,Go,V j~rW 
The fiill conditional density of the a^c_pwr is: 
(^c+vc+2) 0 
'^{^c_pvrr) xexp 5 +"c^c) 
^^C_PWT 
, where 
2 i 2 
^C_ PWT '^C_ PWTQ . ~ * ' 1 ' VCF^C.PM +^C^C\ '^c+^c 
p(R|e,Ro,vJ oc |R| xexp[ --trffvX+S^R-^ , where 
R|e,Ro,v, - Iwj^|^v*Ro +S JR + v, 
For each of the three priors, there were 2000 samples of all the (co)variances specified in the 
model collected from running a chain of length 205,000 with the first 5,000 samples as bum-
in using MTGSAM. After the bum-in, one sample was collected from every 100 samples to 
avoid possible correlation between two consecutive samples. The mean, 2.5%, 25%, 50% 
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(median), 75%, and 97.5% percentiles were calculated directly from the 2000 samples. A 
univariate ASH (Average Shifted Histogram) program (Scott, 1992) was used to estimate the 
posterior density from the 2000 samples. The mode of the 2000 samples was estimated by 
the value with the highest density across the range. 
The REML estimate, mean and mode of each of the (co)variance components were 
drawn as square •, solid circle • and triangle A, respectively, on the candle-stick bar in the 
corresponding figure. The range of 25% to 75% percentiles was drawn as a candle shape, 
while the range of 2.5% to 97.5% percentiles is drawn as a stick shape. Each of the candle­
stick bar shows the 95% central interval of the marginal posterior distribution obtained from 
the 2000 samples collected by the Gibbs sampling analysis. The mean and mode show the 
skewness of the distribution, for example, a mode higher than its mean suggests that the 
distribution is skewed to the left. At the same time, the REML estimate can be compared 
with the 95% central interval, mean and mode from the marginal posterior distribution. 
Results and Discussion 
For the primary trait, PWT, with measurement on all animals, the point and interval 
estimates of genetic, permanent environmental, residual and total phenotypic variances are 
shown in Figures 1 to 4. The "flat" priors gave wider and more skewed marginal posterior 
distributions for the variances than the other two weights on ±e priors, smallest and 3.7% 
degrees of belief, especially, for the permanent environmental variance. This is due to the 
insufficient amount of information provided by the data (Wang et al, 1993,1994a). The 
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Figure 1. Point and interval estimates of direct genetic variance (o^n) for pupa weight by REML and Gibbs sampling. 
Base(l): base population in the first replication; Base(2); base population in the second replication; 
Base(l+2): pooled base populations; _ml: model 1 with incorrect fixed effect; _m2: model 2 with correct 
fixed effect; CN(1); control line in the first replication; CN(2): control line in the second replication; 
PWT: pupa weight; F: flat prior; S: prior with smallest degree of freedom; 3.7%: prior with 3.7% degree of 
freedom. 
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Figure 2. Point and interval estimates of permanent environmental variance (a^c) for pupa weight by REML and Gibbs 
sampling. Base(l); base population in the first replication; Base(2): base population in the second replication; 
Base(l+2): pooled base populations; _ml: model 1 with incorrect fixed effect; _m2: model 2 with correct 
fixed effect; CN(1); control line in the first replication; CN(2): control line in the second replication; 
PWT; pupa weight; F; flat prior; S: prior with smallest degree of freedom; 3.7%: prior with 3.7% degree of 
freedom. 
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Figure 3. Point and interval estimates of residual variance (a c) for pupa weight by REML and Gibbs sampling. 
Base(l): base population in the first replication; Base(2): base population in the second replication; 
Base(l+2): pooled base populations; _ml: model 1 with incorrect fixed effect; _m2: model 2 with correct 
fixed effect; CN(1): control line in the first replication; CN(2): control line in the second replication; 
PWT: pupa weight; F: flat prior; S: prior with smallest degree of freedom; 3.7%: prior with 3.7% degree of 
freedom. 
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Figure 4. Point and interval estimates of total phenotypic variance (a t) for pupa weight by REML and Gibbs sampling. 
Base(l): base population in the first replication; Base(2): base population in the second replication; 
Base(l+2): pooled base populations; _ml: model 1 with incorrect fixed effect; _m2: model 2 with correct 
fixed effect; CN(1): control line in the first replication; CN(2): control line in the second replication; 
PWT: pupa weight; F: flat prior; S: prior with smallest degree of freedom; 3.7%: prior with 3.7% degree of 
freedom. 
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permanent environmental effect had only 216 levels in the Base(l) and Base(2). The 
difference between "flat" priors and the smallest degree of belief on the priors was smaller in 
the pooled base population, with twice the amount of information from the data. The 3.7% 
degree of belief on the priors always provided a smaller range of values and the marginal 
posterior distribution was more symmetric. Thus, the amount of information from the data 
and prior information needs to be considered at the same time and case by case in using 
Gibbs sampling. For example, the 3.7% degree of belief on the priors gave a much narrower 
and more symmetric marginal posterior distribution for the permanent environmental 
variance (Figure 2.), than the smallest degree belief on the priors and the "flat" prior. The 
permanent enviroiunental variances also had the least information from the data in all the 
base populations. Whereas, for the residual variances in Figure 3, the smallest degree of 
belief on the priors gave a similar posterior distribution as the 3.7% degree of belief on the 
priors in the Base(l). The "flat" priors used in the control lines gave relatively narrow and 
symmetric marginal posterior distributions for all the variances. The mean and mode of the 
marginal posterior distribution was similar to their corresponding REML estimates. The 
"flat" prior was considered to be an improper prior distribution, but gave a proper joint 
posterior distribution in the control lines by exanaining the posterior distribution using the 
theorem 1 from Hobert and Casella (1996), let /it = total number of animals, = total number 
of levels in all the random effects other than residual, px = total number of levels in all the 
fixed effects, and r = rank (PxZ) = rank (Z'PxZ) < qt, where Px = (I - X(X'X)~ X'), if: 
1. r = or simple animal model, then the following conditions (a), (b), and (c) are 
necessary and sufficient for the propriety of the posterior distribution of a 
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univariate model for FST as specified in tiie last section: 
(a). v, <0, 
03).QI>QI-T- 2v„ 
(c). nt + 2Sv,- + 2ve -pt > 0, 
I 
where i  = g for direct genetic variance, and c for permanent environmental effect, 
2. R<QI and more than two random effects (except for residual), then the conditions 
(a), (b), and (c) are sufficient for the propriety of the posterior distribution of a 
univariate model for PWT as specified in the last section, while necessary 
conditions result when (b) is replaced with (b*). qt > -2v,. 
The 95% central interval estimates of genetic (Figure 1) and permanent environmental 
(Figure 2) variances in the base populations from Gibbs sampling were not significantly 
different from those in the control lines. This supports the hypothesis in the theory of 
quantitative genetics that the control line with random selection and mating should have 
similar genetic potential as its unselected base population. The 95% central interval between 
base populations and control lines for the residual (Figure 3) and total phenotypic (Figure 4) 
variances were different, because the amount of information from the data in the base 
populations about the influence of individual environmental effects was limited. After 
accumulating the records for 16 generations, the information from the data was sufficient to 
provide a better understanding of the residual variance. The similarity between the two 
control lines showed that they were from the same population. 
The REML estimates were distinctly different between base populations and control 
lines. This phenomena can be explained by the two shortcomings of REML. First, REML 
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estimates are the modal vector of the joint posterior distribution for ail (co)variances. When 
the loss function is minimum mean square error, the posterior mean is the optimum 
estimator. The posterior mean is better approximated by the marginal mode rather than the 
joint mode. Second, REML does not take into account the error in estimating random 
nuisance parameters, i.e., the permanent environmental variance (Gianola and FouUey, 1990). 
REML is also biased due to its asymptotic property, and may have larger variance than 
maximum likelihood (ML) by using the marginal likelihood function. The vector of 
(co)variances from the joint mode given by REML could not provide a fair approximation of 
all the (co)variances in the base populations, especially for the genetic (Figure 1) and 
permanent environmental (Figure 2) variances due to possible confounding between these 
two effects. The permanent environmental variance is the part of the variation due to 
common environment among full-sib families. Members of each family were raised in the 
same bottle and from one pair of parents. Thus, this effect was heavily confounded with the 
direct genetic effect in the joint posterior distribution. Under this set of experimental 
conditions the REML and Gibbs sampling estimates of the mode of joint posterior 
distribution were not equivalent, although they are expected to be equivalent when "flat" 
priors are used in the Bayesian analyses, as described by Harville (1974). 
Finally, by using six levels for mating time as the major fixed effect in the Base(l+2) 
the REML estimates were more similar to the Gibbs sampling estimates than by using an 
incorrect model with only three levels. There was less variation left in the marginal 
likelihood function of the model with six levels specified in the mating time effect dian with 
three levels specified. Apparently, the excessive variation left in the marginal likelihood 
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function of the model with tliree levels specified in the mating time effect went to pennanent 
environmental (Figure 2) and residual (Figure 3) variances rather than to the direct genetic 
variance (Figure 1). Some of the direct genetic variation was moved to the other two random 
effects. All three estimates of variance competed in marginal likelihood function for the 
limited amount of information from the data. The Gibbs sampling analysis was unaffected by 
this change in definition of fixed effect. By treating fixed effects as random (but with "flat" 
prior), and marginalizing the joint posterior distribution to each of the effects in the model in 
Gibbs sampling, some adjustment due to the incorrect classification of the fixed effect is 
possible. Whereas, the REML procedure was more sensitive to an incorrect specification of 
fixed effect compared to the results from Gibbs sampling. Of course, both analyses are 
necessary to make the assessment. If we did not have the results from both methods, the 
REML or Gibbs sampling estimates would have been thought to be correct without checking 
the error incurred in the definition of the fixed effect. 
For the secondary trait, FST, modeled as a sex-limited traits of the females with 
progeny, the point and interval estimates of genetic, residual and total phenotypic variances 
are shown in Figures 5 to 7. The difference between the marginal posterior distributions 
using a "flat" prior and the smallest degree of belief on the prior was very small. The 
distributions from the smallest degree of belief on the priors were slightiy less skewed than 
those from the "flat" priors. Again, the marginal posterior distributions from the 3.7% degree 
of belief on the priors were much narrower and symmetric than the distributions from the 
"flat" priors and the smallest degree of belief on the priors. The number of records for FST 
(419 in Base(l); 403 in Base(2)) in the base population was about 1/3 less than the number of 
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Figure 5. Point and interval estimates of direct genetic variance (a\) for family size by REML and Gibbs sampling. 
Base(l); base population in the first replication; Base(2); base population in the second replication; 
Base(l+2): pooled base populations; _ml: model 1 with incorrect fixed effect; _m2: model 2 with correct 
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Figure 6. Point and interval estin\ates of residual variance (o^e) for family size by REML and Gibbs sampling. 
Base(l): base population in the first replication; Base(2): base population in the second replication; 
Base(l+2): pooled base populations; _ml: model 1 with incorrect fixed effect; _m2: model 2 with correct 
fixed effect; CN(1): control line in the first replication; CN(2): control line in the second replication; 
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Figure 7. Point and interval estimates of total phenotypic variance (o^) for family size by REML and Gibbs sampling. 
BaseCl); base population in the first replication; Base(2)". base population in the second replication; 
Base(l+2); pooled base populations; _ml ; model 1 with incorrect fixed effect; _m2: model 2 with correct 
fixed effect; CN(I); control line in the first replication; CN(2): control line in the second replication; 
FST; family size; F: flat prior; S: prior with smallest degree of freedom; and 3.7%: prior with 3.7% degree of 
freedom. 
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records for PWT (1296 in Base(l); 1292 in Base(2)). Lack of sufficient information from the 
data caused the similarity between the marginal posterior distributions from the "flat" priors 
and the smallest degree of belief on the priors. The 3.7% degree of belief on the priors put 
more weight on the prior information to improve the situation. The 95% central interval of 
direct genetic variance in the base populations overlapped with that in the control lines, 
probably due to the simple model used for FST. Similar REML estimates of direct genetic 
variance were found in the base populations and control lines (Figure 5). The 95% central 
interval, mean, mode and REML estimates of residual variance were different between the 
Base(2) and CN(2) (Figure 6). These differences are similar for the residual variance for 
PWT (Figure 3). 
Sample size in the base population was not large enough to describe the individual 
environmental variance in the whole population effectively. The CN(1) and CN(2) were 
found to have very similar, almost the same, estimates of residual variances for both PWT 
(Figure 3) and FST (Figure 6) by REML or Gibbs sampling, because the information 
provided by the control lines, which contains 16 generations, better described the whole 
population. The change in definition of fixed effect in the Base(l+2) had no effect on the 
estimates from both REML and Gibbs sampling. Day to day variation explained by mating 
time was less for FST than for PWT, because the female reproductive trait should not be 
affected by the current mating time of the dam in Tribolium. 
The point and interval estimates of genetic and residual covariances between PWT 
and FST are given in Figures 8 and 9, respectively. The smallest degree of belief on the prior 
gave a very similar marginal posterior distribution as the "flat" prior, but it was also more 
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Figure 8. Point and interval estimates of genetic covariance (aj between traits by REML and Gibbs sampling. 
Base(l); base population in the first replication; Base(2): base population in the second replication; 
Base(l+2): pooled base populations; _ml: model 1 with incorrect fixed effect; _m2: model 2 with correct 
fixed effect; CN(1): control line in the first replication; CN(2): control line in the second replication; 
PWT: pupa weight; FST: family size; F: flat prior; S: prior with smallest degree of freedom; and 
3.7%: prior with 3.7% degree of freedom. 
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Figure 9. Point and interval estimates of residual covariance (Oe) between traits by REML and Gibbs sampling. 
Base(l); base population in the first replication; Base(2): base population in the second replication; 
Base(l+2): pooled base populations; _ml: model 1 with incorrect fixed effect; _m2: model 2 with correct 
fixed effect; CN(1): control line in the first replication; CN(2): control line in the second replication; 
PWT; pupa weight; FST: family size; F: flat prior; S: prior with smallest degree of freedom; and 
3.7%; prior with 3.7% degree of freedom. 
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symmetric. In contrast, the 3.7% degree of belief on the prior provided a much smaller range 
of values and a symmetric distribution in the base population that was much closer to the 
marginal posterior distribution in the corresponding control line. There were probably two 
factors affecting the covariances: first, the number of records for FST; and second, the 
dependency between two sets of vectors of random effects. The number of records for FST 
(only females as dams for next generation have records for this trait) was mentioned earlier as 
providing limited information, and has a similar effect on both variance estimates for FST 
and covariance estimates between PWT and FST. Covariance estimate is dependent on two 
sets of vectors: Ug_pwT and Ug_FST for the genetic covariance; epwr and epsr for the residual 
covariance in these analyses. This dependency is not only affected by the amount of 
information from the data, but also by the linear relationship between the two sets of vectors. 
Thus, the covariance estimates were much more sensitive to a change in the data and the 
priors. The 3.7% degree of belief on the prior gave similar estimates of the marginal 
posterior distribution in the base populations as in the corresponding control line for both 
genetic (Figure 8) and residual (Figure 9) covariances. There was more to be gained by using 
the Bayesian approach, with more belief on a trustworthy prior, in covariance estimates than 
in the variance estimates. Again, the change in definition of fixed effect did not make a 
major difference in estimates of covariances between using REML and Gibbs sampling, due 
to the same reasons explained for estimates of the variances for FST. 
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Conclusion 
Estimates of (co)variance components, the similarity and difference that can occur 
between estimates by REML and Gibbs sampling, were more understandable by using base 
populations and the control lines derived from the base populations. The REML estimates 
give a modal vector of the joint posterior distribution of all the (co)variances given only the 
information from the data. This is equivalent to estimation by Bayesian methods with "flat" 
priors (Harville, 1974). Gibbs sampling provides an estimate of the marginal posterior 
distribution which should be a better description of the marginal mean of (co)variance 
estimates when the loss fiinction is minimum mean square error (Wang et al., 1993). REML, 
however, may not provide reasonable estimates for the joint posterior distribution from the 
marginal likelihood function, due to an insufficient amount of information from the data, 
complicated models with nuisance random effect(s), unexpected confounding among factors, 
and/or incorrect definition of fixed effect in the model. Gibbs sampling with an improper 
"flat" prior is not much better in (co)variance component estimation than REML, due to an 
insufficient amount of information from the data, relatively large number of parameters to be 
estimated, and conditions leading to the estimation of an improper posterior distribution. 
Therefore, proper prior, such as the smallest or 3.7% degrees of belief on the prior, 
needs to be considered in Gibbs sampling to improve estimates of the marginal posterior 
distribution. The priors with smallest degrees of belief gave better estimates for PWT than 
the "flat" prior, but estimates were similar for FST and covariances between PWT and FST. 
A prior with the smallest degree of belief, in the range of diie family of proper priors, 
guarantees a proper joint posterior distribution, although the marginal posterior distributions. 
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like those from "flat" prior, may be affected by insufficient information from the data. A 
prior with 3.7% degree of belief provided fairly "good" estimates of all the (co)variance 
components by Gibbs sampling. But, one should note that the prior could be false if it is not 
from a reliable and related population or sample. This is the advantage, as well as, 
disadvantage of using Bayesian methods. A fair approach to using Gibbs sampling can be to: 
first, examine the joint posterior distribution from an improper "flat" prior by some methods 
other than Gibbs sampling, i.e., the theorem 1 in Hobert and Casella (1996); if the posterior 
distribution is improper, then second, try a prior with smallest degree of belief; third, try more 
weight (larger degree of belief) on the prior, if the prior is trustworthy. By this approach, one 
can also compare the REML estimates with the results from Gibbs sampling to find out more 
information about both methods. 
Insufficient information from the data is a common problem in animal breeding. It 
can only be solved by adding more related animals to the database when REML is the 
approach in estimating (co)variance components. Gibbs sampling provides one more option 
by placing more weight on the prior, if a "good" prior can be obtained. In this research, 
Gibbs sampling with "flat" priors, using only the information from the data, gave a fair 
approximation of the estimates in the corresponding control line which had about 5.3 times 
more animals with records for PWT (3 times more for FST) than in the base population. 
There was better agreement between the REML estimates of the (co)variance components in 
the pooled base population and the control lines than in either the two base populations 
individually. Gibbs sampling with more weight on the prior may overcome the lack of 
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information problem, but it also can mislead the results if the prior is not in a reasonable 
range of the true parameter. 
Errors in defining the model for fixed effects can be detected by using both REML 
and Gibbs sampling methods together. This is because fixed effect are treated as random and 
marginalized in the Gibbs sampling procedure, and the competition for variation among 
variances in the marginal likelihood function of REML. It suggests that pooling data and 
incorrecdy defining categories in a major fixed effect can affect the REML estimates of 
(co)variance components. Also, covariance estimates may have a different behavior than 
variance estimates, such as being more sensitive to the change of weight on priors and 
sufficiency of information from the data. This can be found by Gibbs sampling with different 
weights on the prior, but is more difficult to understand with REML. 
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CHAPTER 4. SELECTION FOR GROWTH AND REPRODUCTIVE SUCCESS IN 
TRIBOUUM CASTANEUM: ESTIMATION OF HETEROGENEOUS 
(CO)VARIANCES WITHIN GENERATION 
A paper to be submitted to Journal of Animal Science 
En-Chung Lin and P.J. Berger 
Abstract 
Procedures to estimate heterogeneous (co)variances for a two-trait animal model 
using Gibbs sampling with single generation data and different weights on the priors are 
described. Four lines derived from a common base population were selected for increased 
pupa weight (PW), family size (FS), an index giving equal weight to pupa weight and family 
size (IN), and a randombred control (CN). In each of two replications there were 16 
generations of within-line selection. Within each line, the data was separated into the base 
population and 16 single generation data sets. These single generation data sets were 
analyzed by using a Gibbs sampling method with weights of, "flat", smallest, 3.7%, 11%, and 
33% degrees of belief on the priors, defined as the REML estimates computed with the 
homogeneity assumption and by using all generations of data in each line. Biological 
evidence is presented for a change in variances associated with selection for PWT using 3.7% 
degree of belief. Heterogeneity of variances for FST and the genetic (co)variance between 
PWT and FST could not be determined because there was insufficient information from the 
data, limited to females. Large changes in the variance after generation eight in both 
replications of the PW lines was attributed to competition within full-sib families and an 
increasing number of infertile females. Base populations and the CN lines had similar 
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genetic potential. Estimates of (co)variances from 16 generations of random selection and 
mating were remarkably stable. 
Introduction 
Estimates of heterogeneous (co)variances have been reported for different species: 
dairy cattle (Hill et al., 1983; Lofgren et al., 1985); beef cattle (Garrick et al., 1989); mice 
(Beniwal et al., 1992); Drosophila (Lints and Bourgois, 1984); and Tribolium (Lin and 
Berger, 1997a). Therefore, different approaches have been proposed to account for 
heterogeneity in (co)variances. Adjustment of the data or model has been broadly applied in 
many applications: either by using a logarithm transformation, weighting or scaling of 
observations by residual or phenotypic standard deviation (Hill, 1984; Brotherstone and Hill, 
1986; Visscher et al., 1991), different weights on sire and maternal grandsire variances 
(Garrick et aL, 1989), partitioning the relationship matrix for different genetic variances 
(Visscher and Thompson, 1990, 1992), adding scaling factors to the model (Kachman and 
Everett, 1993; Meuwissen et al., 1996; Reverter et al., 1997), or a multiple trait approach 
with standardized random genetic effects (Gianola et al., 1992; FouUey and Quaas, 1995). 
Genetic prediction were significantly enhanced in all of these procedures by accounting for 
heterogeneous (co)variance estimates compared with estimates assuming homogeneous 
(co)variances. Among the statistical methods used in the previous studies, the Bayesian 
approach is more appealing for estimating heterogeneous (co)variances because the prior 
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distributions of the heterogeneous parameters can be treated flexibly to accommodate large 
data sets and a relatively large number of heterogeneous groups. 
Gianola (1986) showed that the method of weighing observations by their phenotypic 
standard deviations (Hill, 1984) has a Bayesian interpretation. Visscher and Hill (1992) also 
provided a similar interpretation of the Bayesian regression for the method proposed by Hill 
(1984) and Brotherstone and Hill (1986). FouUey et al. (1992) incorporated the idea of using 
a log-variance model in the Bayesian approach derived from the method proposed by 
Leonard (1975). Gianola et al. (1992) applied a multiple trait approach with Empirical Bayes 
method to make inferences about the joint posterior distribution and the REML estimates 
with homogeneous (co)variances. Thus, this method was a compromise between Bayesian 
and REML approaches. Kachman and Everett (1993) treated the scaling factor for each 
environment as an independent random variable to construct a log marginal posterior 
distribution of the interesting parameters. But, the variance component estimates obtained by 
this method are equivalent to REML estimates. All of these developments and some 
applications based on them were for the univariate case. Foulley and Quaas (1995) extended 
the development to multiple random genetic effects, such as sire and maternal grandsire. 
They also suggested that his extension can be applied to multiple trait cases, but they did not 
provide sufficient information to show how this could Bennett accomplished. 
A Markov Chain Monte-Carlo (MCMC) method, such as Gibbs sampling, can 
provide a full Bayesian approach to (co)variance component estimation with relatively easy 
computations compared to an Empirical Bayes method (Gianola et al., 1992). Inferences 
from the joint posterior distribution is made possible by integrating out the nuisance 
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parameters, such as VEIL (Gianola and FouUey, 1990). By Gibbs sampling, the marginal 
posterior distribution of each parameter of interest, i.e., variance, covariance, breeding value 
of a particular sire, or contrast of a set of solutions, is calculated indirectly without integrating 
the joint posterior distribution with all of the other parameters. For example, to obtain a 
marginal posterior distribution,/(x), from a given joint posterior distribution,/(x, yi, >2, , 
yp), rather than compute or approximatey(j:) directly, the Gibbs sampler simulates a sample 
X\,X2, , Xm through conditional distributions,\YI,Y2, , ^p) and/(Y, I j:, ji, 
• ••, yi-i, yi+t---, yp), where I = 1, 2, p, without requiringy(;c) to be a desired degree of 
accuracy with a large sample (Casella and George, 1992). Gibbs sampling is more useful 
when the number of parameters in the joint posterior distribution increases. Thus, Gibbs 
sampling may be more appealing for analyzing large data sets with a large number of 
heterogeneous groups, i.e., multiple trait cases, than the other Bayesian methods mentioned 
above (comments by Gianola in FouUey and Quaas, 1995). The objective of this paper is to 
estimate the (co)variances within generation for a two-trait animal model using Gibbs 
sampling for data influenced by selection with different weights on the priors. 
Materials and Methods 
Data 
A selection experiment using Tribolium castaneum, flour beetie, was carried out with 
a primary trait, pupa weight (PWT), which was recorded at 19-day for every animal, and a 
secondary trait, family size (FST), which was recorded at 12-day for those females used as 
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dams of the next generation. There were four lines: one selected for PWT (PW line), FST 
(FS line), index of PWT and FST (IN line), or random (CN line) for 16 generations derived 
from a common base population which came from 24 hr. egg lays of stock with a pearl eye 
mutant gene. The PW line had 54 females mated to 18 males (one male mated to three 
females on three consecutive days within each generation, mating time). Selection was for 
the heaviest pupa weight measured at 19-day in each generation. A full-sib family produced 
by each mating was raised in the same 20 ml glass bottle with 0.4 gm of 5% yeast-fortified 
whole wheat flour and constant temperature and humidity. The FS line had 54 males 
randomly selected and mated to 162 females (one male mated to three females), then 54 
families with largest number for FST at 12-day were retained and weighed for 19-day PWT. 
The number of matings in the index line (IN line) was the same as in the FS line; 54 males 
were selected and mated at random to 162 females, one male to three females. Family size 
(FST) was counted at 12-day. The 54 highest ranking females, based on an index with equal 
contribution from both FST and PWT, had their families retained for weighing at 19 day. 
The CN line was maintained with 54 males and females randomly selected and mated. There 
were two replications with the same selection procedures from two different base populations 
sampled out of a stock maintained in the laboratory. More details about this experiment were 
described in Lin and Berger (1997a). 
Lin and Berger (1997a) reported different estimates of (co)variance components for 
the four selection lines, as well as, between the two replications. In particular, large increases 
in the within fiill-sib variance relative to the between family variance were noted to follow 
generation six in the PW line. It was argued that the changes in ±e estimates of the variance 
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components were due to greater competition for nutrients associated with the accelerated 
potential for growth. The usual transformations of scale, i.e., logarithm, square root, and 
phenotypic standard deviation failed to equalized the additive genetic and residual variances 
across generations. Therefore, Gibbs sampling was used to obtain estimates of (co)variance 
components, separately by generation, including pedigree information of two generations. 
The estimates must be considered as approximation for the true (co)variance in the 
population. Single generation data may be biased due to insufficient information from the 
data. Any additional bias, by ignoring selection in the parent generation, should be relatively 
small in this experiment, because all selection was within generations. These estimates, 
however, were considered to be useful as an indication of direction for further studies on 
heterogeneous (co)variance estimates for multiple trait cases using Gibbs sampling. The 
number of observations in each generation of the four selection lines in both replications was 
about 324 for PWT, 54 for FST in the PW and CN lines, and 160 for FST in the FS and IN 
lines. The number of observations, however, in generation 8 of all lines in the first 
replication, and after generation 8 in the PW lines for both replications, was somewhat less 
due to infertile females. The exact number of observations for both traits in each generation 
of all lines was given in Lin and Berger (1997a). 
Statistical methods 
A two trait animal model used for variance component estimation and genetic 
evaluation was: 
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YPWT 
YFST_ 
Xmt_ PWT Xi«_ PWT 0 
0 0 XNU_F5T 
bmt_ PWT 
bj«_ PWT 
hmt.FST 
b 
Zg_ PWT 0 Zc_ PWT 
0 
Ug.PWT 
Ug.FST 
llc_ PWT 
U 
EPWT 
EFST 
+ e 
Zg.FST 0 
~[_ b /_ fsr J 
Y = X  + Z 
where Ypwr and Yfst- are the vector of observations for pupa weight (PWT) and 
family size (FST); 
X's and Z's are the incidence matrices for the corresponding fixed effects 
Oimt_pwr, mating time effect for PWT; hsa_pwT, sex effect for PWT 
and bm,_f5T, mating time effect for FST); and random effects (u^ pwr, 
additive direct genetic effect for PWT; %_Fsr, additive genetic effect for 
FST and UC_PWT, permanent environmental effect for PWT due to common 
environment of full-sib families; and 
epvvT and Cfsr are the vectors of residuals for PWT and FST. 
The expectations and (co)variances of the model were: 
Y Xb" Y ZZZ'+R ZZ R' 
u = 0 , V u = ZZ' Z 0 
e 0 e R OR 
where Z = 
^^G^PWT ^^G_PWT.FST ® 
^^G^PWT.FST ^^G.FST ® 
0 0 
,R = ^^C.PWT 
In cr 
Incr 
e_ PWT. FST 
e_ PWT. FST 
^^E_FST 
A is the additive genetic relationship matrix, and In and Ic are identity matrices with order 
equal to the total number of animals and number of families. The Z can be partitioned to be 
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G®A 0 
, 2 , where G is a matrix with elements equal to genetic (co)variances, and ® 
ICOL pu^ 
is the direct product. The corresponding vectors for the solutions of the genetic and 
Lin and Berger (1997b) concluded that the REML estimates from a single base 
population analysis may be misleading due to insufficient information from the data and 
confounding between random effects. The base population, however, had at least three times 
more observations than each of the other single generations in each selection line. It is 
argued that the REML procedure may give estimates with larger bias in each single 
generation than for the base population due to its asymptotic property. Therefore, interval 
estimation of (co)variance components was carried out for each single generation of data 
using the program for Multiple Trait Gibbs Sampling in Animal Models (MTGSAM) (Van 
Tassell and Van Vleck, 1995). The prior distributions for the (co)variances were Inverted 
Wishart (IW) distributions for animal genetic and residual effects of both traits including the 
covariances between the traits, and an Inverted Chi-square (IX) distribution for uncorrelated 
permanent environmental effect of the first trait, PWT. If a random variable, X, is a IW 
random variable, then the probability function of X is: 
permanent environmental effects are Ug = [u^pvvr 
•(V+/R+1) 
X,V > 0;v > m+1, 
where, K(v, V"') = V -ll^"2)v 2(I/2)vm^(I/4)m(m-l) 
\ / 
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(Johnson and Kotz, 1972). The parameter v is the degree of fteedom corresponding to a 
Wishart random variable and degree of belief for the prior distribution, the matrix V 
describes the (co)variance structure of the variable X, and m is the dimension of V. The 
mean of X is V~ ^ / v*, where V~ ^  = v^Vg, Vo is the (co)variance matrix specified from the 
prior information, i.e., REML estimates with homogeneous assumption and all generations of 
data in each line for this case, and v = v — m -1. Thus, the expected value of the prior 
density of the (co)variance matrix is equal to the values specified. In the univariate case, i.e., 
permanent environmental effect for PWT, the IW distribution corresponds to an inverted Chi-
square distribution. 
Hobert and Casella (1996) pointed out that the "flat" prior commonly used in the 
Gibbs sampling applications in animal breeding (Jensen et aL., 1994; Sorensen et al.., 1994; 
Wang et aL., 1993,1994a) can cause an improper estimate of the posterior distribution 
without warning in some cases. A "flat" prior is defined as a uniform distribution used as the 
prior distribution in the Bayesian approach to give the same probability for all the values over 
the parameter space. Thus, the degree of belief, v, in the prior distributions when a "flat" 
prior is used in our case would be -3, -2 and -3 for genetic, permanent environmental and 
residual (co)variances, respectively. These degrees of belief with V = 0 make the Inverted 
Wishart and Inverted Chi-square distributions uniform distributions. The results from a 
Bayesian approach using "flat" priors are theoretically equivalent to REML estimates 
(Harville, 1974). To avoid the possibility of obtaining an improper posterior distribution, 
four larger values of v were used in the single generation analysis. The smallest degree of 
belief was obtained by adding one to m +1, because the IW distribution requires v > m +1, 
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i.e., 4,3 and 4 for genetic, permanent environmental and residual (co)variances, respectively. 
The degree of belief on the prior information, v, of the particular parameter(s) is chosen to 
make the ratio of v/(v + q) equivalent to 1/27 (= 3.7%), 1/9 (= 11%), or 1/3 (= 33%), where (v 
+ q) is the total degrees of freedom of the posterior distribution for the parameter(s). For 
example, the residual effect has 324 levels, and its 3.7% degree of belief will be about 13; 40 
for 11%; and 160 for 33%. The REML estimates of (co)variance components for all 
generations of data, assuming homogeneous (co)variances, were used as the expected values, 
or location parameters, in the prior distributions for each of the base and 16 generations in a 
particular line. These REML estimates represent the average information across all 
generations in a selection line using all the information from data and genetic relationships. 
By using these estimates as expected values for the prior distributions in the single generation 
analyses within line, it was felt that this would balance the problem of lack of information 
from data and genetic relationship. Later it will be shown that the estimates obtained by 
using the "flat" priors give posterior distributions totally based on the limited data of a single 
generation with unknown prior information. Theoretically, REML estimates of (co)variances 
are the mode vector of the joint posterior distribution (Harville, 1974), and are expected to be 
equivalent to estimates obtained by Gibbs sampling with "flat" priors. Priors with the 
smallest degree of belief start using the average information of all generations in each line as 
the expected values for the prior distributions in the range of proper priors. The estimates 
from the priors with increasing weights show the effects of putting more belief on tiie average 
information of all generations in each line. Therefore, the effect of increasing weight on the 
priors to the posterior distribution can be compared with the REML (Lin and Berger, 1997a) 
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and Gibbs sampling results (Berger et aL, 1995; Lin and Berger, 1997b) from all or partial 
data from each selection Une. 
The joint posterior density of the parameters given the data and the prior information 
for this case was: 
p(b, u, G, />,v7-, RI y, , Go,Vj., , Vj, Rq ) 
|G| " X exp f 1 fi —tr 
V  2  ^  
[^sGo+S^jG" 
•{^C_PWT) 
-~(?c+Vc+2) ^ 
2 ' 
xexp 
~ ORP-
^^C_PWT 
xlR 
-^(Vr+Vr+3) 
xexp 
where = '*5_/'WT^ ^8_PWT ^G^FST 
^^G^FSR 
> S , =  GPWT^PWT 
.^FST^PWT 
^PWT^FST 
^FST^FST . 
Go = a 2 X 2 matrix of the REML estimates of genetic (co)variances from the corresponding 
selection line for both traits, (7^ REML estimate of permanent environmental 
"  0  
variance from the corresponding selection line for PWT, Ro = a 2 x 2 matrix of the REML 
estimates of residual (co)variances from the corresponding selection line for both traits; v'g = 
Vg — 2 - 1, Vj is the degree of belief on the prior distribution for the genetic (co)variance 
*  o  
matrix, G; V c = Vc - 1 - 1, Vc is the degree of belief on the prior distribution of 07 ; and 
v*e = Ve - 2 - 1, Ve is the degree of belief on the prior distribution of residual (co) variance 
matrix, R. Therefore, the full conditional density of the fixed effects is: 
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p(blu,R,y) ocexpj-- (b - b) (X'R-'X)(b - b) k where b = (XTI-'X)"' XTl"' (y - Zu) 
and b|u,R,y-N(b,(X'R-'Xr'). 
The full conditional density of the random effects is: 
p(ulb,Z,R,y) ocexpj-^ (u - u)'(Z'R-'Z +1-' )(u - u) •, where 
u = (Z'R-'Z + Z-')~'z'R-'(y-Xb),and ulb,2,R,y-N(u,(Z'R-'Z + 2:-') ') 
The full conditional density of the G matrix is: 
-^(<?,+vj+3) f I fr ^ \ 
p(GIUj,Go,vp oc|G| xexpl--tr[^[^v*Go+S^ j vJg .+sJg- '  
\\ 
, where 
Glu^,Go,v^~IWl ^ (^v^Go+S^j ,qg + v 
The full conditional density of the G^C_PWT is: 
--(Vc+v^+2) 
[^C_PWT) Xexp ~~~2 {^C'^C_PWT^•, 
^^C_PWT 
, where 
2 I 2 
^c_ /'wrl''^c PWT^. Vj. - IG 
The full conditional density of the R matrix is: 
-;^(^r+v,+3) 
p(R|e,Ro,vJ oc |R| xexpj ' ' ''''vX+s.IR-'^ —tr 
2 Vv 
, where 
J J 
R|e,Ro,v,-Iw|^(^v*Ro+S^jR 
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For each of the three priors, there were 2000 samples of all of the (co)variances specified in 
the model collected from running a chain length of 205,000 for the base population and 
105,000 for other generations, with the first 5,000 samples used as bum-in using MTGSAM. 
After the bum-in, one sample was collected from every 100 iterations for the base population, 
and every 50 iterations for other generations, to avoid a possible correlation between two 
consecutive samples. The single generation analyses, aside from the base population, had a 
reduction in chain length and sampling distance to conserve computing resources for CPU 
time. From previous experience, and by checking the correlation among samples, this 
reduction was acceptable in terms of the correlation between two consecutive samples. The 
mean, 2.5%, 25%, 50% (median), 75%, and 97.5% percentiles were calculated directly from 
the 2000 samples. A univariate ASH (Average Shifted Histogram) program (Scott, 1992) 
was used to estimate the posterior density from the 2000 samples. The mode of the 2000 
samples was estimated by the value with the highest density across the range. 
A candle-stick bar figure was used to show the 95% central interval of the marginal 
posterior distribution for the 2000 samples collected by the Gibbs sampling analysis. The 
range of 25% to 75% percentiles were drawn as candle shape; the 2.5% to 97.5% percentiles 
are the stick shape. The mean and mode for each of the (co)variance component estimates 
were drawn as solid circle • and triangle A, respectively. The mean and mode show the 
skewness of the distribution. For example, if the mode is higher than the mean, the 
distribution is skewed to the left. 
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Results and Discussion 
The 95% central interval, mean and mode of the direct genetic variance for PWT of 
all the base populations and the subsequent 16 generations in each line of both replications 
are shown in Figures 1 to 4. The "flat" priors always gave wider and more skewed marginal 
posterior distributions of the direct genetic variance for PWT than the priors with more 
weight. Estimates varied widely between generations. The wide and skewed marginal 
distributions from the "flat" priors are approximately equivalent to the results from REML 
with single generation data, as should be expected (Harville, 1974). Similar to results 
reported by Lin and Berger (1997b), the REML estimates were more heavily biased with 
insufficient information from the data, due to the asymptotic property of REML. The priors 
with the smallest degree of belief improved the marginal distributions of the direct genetic 
variance for PWT slightly more than the estimates from using the "flat" priors, but this also 
guaranteed that the joint posterior distributions were proper. The results from the priors with 
the smallest degree of belief were still linoited by the number of observations in a single 
generation of data, especially the generations with infertile females, such as generation 8 in 
all lines of the first replication and after the generation 8 in the PW lines of both replications. 
The priors with 11% or 33% degree of belief eliminated the heterogeneity of the direct 
genetic variance for PWT across all generations under selection. The heterogeneity was 
explained in Lin and Berger (1997a) as being due to competition, especially in the PW lines 
of both replications. Estimates by the 11% and 33% degrees of belief can be described as 
putting too much weight on the expected values, which are the REML estimates assuming 
homogeneous (co)variances and using information in the data from all generations. The 
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Figure 1. Interval and point estimates of direct genetic variance (o^a) for pupa weight (PWT) 
in the line selected for pupa weight (PW line) in both replications, where the candle 
bar is the range of 25 % to 50 % percentiles, stick is the range of 2.5% to 97.5% 
percentiles, • is the mean, A is the mode, and the priors with degrees of belief, 
"Rat", smallest, 3.7%, 11%, and 33%. 
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Figiire 2. Interval and point estimates of direct genetic variance for pupa weight (PWT) 
in the line selected for faniily size (FS line) in both replications, where the candle 
bar is the range of 25 % to 50 % percentiles, stick is the range of 2.5% to 97.5% 
percentiles, • is the mean, A is the mode, and the priors with degrees of belief, 
"Hat", smallest, 3.7%, 11%, and 33%. 
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Figure 3. Interval and point estimates of direct genetic variance (a^a) for pupa weight (PWT) 
in the line selected for index (IN line) in both replications, where the candle bar is 
the range of 25 % to 50 % percentiles, stick is the range of 2.5% to 97.5% 
percentiles, • is the mean, A is the mode, and the priors with degrees of belief, 
"Hat", smallest, 3.7%, 11%, and 33%. 
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Figure 4. Interval and point estimates of direct genetic variance for pupa weight (PWT) 
in the line randomly selected (CN line) in both replications, where the candle bar is 
the range of 25 % to 50 % percentiles, stick is the range of 2.5% to 97.5% 
percentiles, • is the mean, A is the mode, and the priors with degrees of belief, 
"Hat", smaUest, 3.7%, 11%, and 33%. 
107 
priors with 3.7% degree of belief were a compromise between information from a single 
generation of data and the REML estimates based on homogeneity assumption and using all 
generations of data. Although the extreme cases still had relatively wide and skewed 
distributions, such as in generations 9 and 16 in the PW line (Figure 1) of the first replication, 
which had 140 and 91 observations for PWT, respectively. The FS and IN lines in the first 
replication (Figures 2 and 3) showed some slight heterogeneity after generation 8, where 
there were some infertile females. But, the FS and IN lines in the second replication showed 
no sign of heterogeneity of direct genetic variance for PWT. The CN lines of both 
replications (Figure 4), maintained with random selection and mating, had no heterogeneity 
as expected. These results confirmed that the REML estimates of the direct genetic variance 
for PWT using all generations of data in the FS, IN and CN lines of the second replication, 
25550, 24607 and 24317 (jig^), respectively, were more similar to each other than the 
estimates in the first replication, 31010, 21168 and 24277 (|J.g^), respectively. Moreover, the 
REML estimates of the direct genetic variance for PWT using all generations of data in the 
PW lines of both replications, 35376 and 17734 (|i.g^), respectively, were very different from 
their corresponding CN lines. Thus, the heterogeneity in direct genetic variance for PWT 
was explained by two factors: 1) competition for nutrients among bugs within a full-sib 
family and greater genetic potential for PWT or FST, and 2) due to the increased number of 
infertile females in and after generation 8. The similarity of the marginal posterior 
distributions for the direct genetic variance for PWT across generations in the CN lines of 
both replications (Figure 4) showed that the two control lines were derived from base 
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populations with similar genetic potential under random selection and mating (Lin and 
Berger, 1997a, 1997b). 
The permanent environmental variance for PWT for the base populations and 
subsequent 16 generations in each line of both replications are shown in Figures 5 to 8. The 
marginal posterior distributions for the permanent envirormiental variance for PWT from the 
"flat" priors were very wide and skewed in all of the generations of each of the four lines in 
both replications. The wide and skewed marginal posterior distributions was due to very 
limited information from a single generation of data which has only 54 levels for the 
permanent environmental effect and the confounding between permanent environmental and 
direct genetic effects (Lin and Berger, 1997b). Some of the single generation data sets, such 
as in generations 9 and 16 in the PW line of the first replication, had only 25 and 24 levels. 
The confounding between permanent environmental and direct genetic effects was because a 
full-sib family was raised in the common environment of a single bottie. The priors with the 
smallest degree of belief gave much narrower marginal posterior distributions for most 
generations than the "flat" priors, but not for all of them, due to limited information and 
confounding of effects. Also, the distributions from the priors with the smallest degree of 
belief were still very skewed. The priors with 3.7% degree of belief improved the range of 
the marginal posterior distributions, but did little to improve the skewness. Similar 
comments are appropriate for the results from the priors with 11% degree of belief The 
priors with 33% degree of belief provided much narrower and less skewed marginal posterior 
distributions for most of the generations in all lines with little degree of heterogeneity of the 
permanent envirormiental variance for PWT across generations. Therefore, the effect of 
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Figure 5. Interval and point estimates of permanent envirormiental variance (a^c) for pupa 
weight (PWT) in the line selected for pupa weight (PW line) in both replications, 
where the candle bar is the range of 25 % to 50 % percentiles, stick is the range of 
2.5% to 97.5% percentiles, • is the mean, A is the mode, and the priors with 
degrees of belief, "Flat", smallest, 3.7%, 11%, and 33%. 
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Figure 6. Interval and point estimates of permanent environmental variance (<j^c) for pupa 
weight (PWT) in the line selected for family size (FS line) in both replications, 
where the candle bar is the range of 25 % to 50 % percentiles, stick is the range of 
2.5% to 97.5% percentiles, • is the mean, A is the mode, and the priors with 
degrees of belief, "Flat", smallest, 3.7%, 11%, and 33%. 
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weight (PWT) in the line selected for index (IN line) in both replications, where the 
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Figure 8. Interval and point estimates of permanent environmental variance (cTc) for pupa 
weight (PWT) in the line randomly selected (CN line) in both replications, where 
the candle bar is the range of 25 % to 50 % percentiles, stick is the range of 2.5% to 
97.5% percentiles, • is the mean, A is the mode, and the priors with degrees of 
belief, "Flat", smallest, 3.7%, 11%, and 33%. 
113 
increasing the weight on the priors was not the same for direct genetic and permanent 
environmental effects for PWT. The heterogeneity of the permanent environmental variance 
for PWT was not significant, because the competition for nutrients was within a full-sib 
family. Whereas the permanent environmental variance is the variation between families. 
The REML estimates computed with the homogeneity assumption and using all generations 
of data of the permanent environmental variance for PWT were found to be much similar 
across four lines in both replications than the other (co)variances (Lin and Berger, 1997a). 
The PW lines of both replications (Figure 5) had wider marginal posterior distributions than 
the other three lines (Figures 6 to 8), especially after generation 8, probably because there 
were more infertile females in and after this generation. Note that the scale of Figure 5 is 
double the scale of Figures 6 to 8. The PW line in the second replication had larger 
heterogeneity of the permanent environmental variance for PWT than that in the first 
replication (Figure 5), possibly due to more confounding between direct genetic and 
permanent environmental effects in the PW lines of the second replication. This can be 
confirmed by examining the REML estimates, computed with homogeneity assumption and 
using all generations of data of this particular variance, for PWT, 7163 and 10856 (|ig") for 
the first and second replications, respectively. The FS, IN and CN lines (Figures 6 to 8) in 
the second replication were found to have less heterogeneity of the permanent environmental 
variance for PWT among the results using the four larger weights on the priors after 
generation 8. The homogeneous REML estimates from all generations of data were 4791, 
5458,3222 (p,g^) in the first replication (3902, 3903,4259 in the second replication), 
respectively. 
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The direct genetic variance for FST for all the base populations and subsequent 16 
generations in each line of both replications are shown in Figures 9 to 12. Again, very wide 
and skewed marginal posterior distributions of the direct genetic variance for FST were found 
for all generations in all selection lines by using the "flat" priors. This was due to the very 
limited information available for the FST, which was only recorded on females used as the 
dams for the next generation. The priors with the smallest degree of belief showed much 
narrower, but skewed marginal posterior distributions for all generations in all the selection 
lines. For a female reproductive trait with a lot of missing records, proper priors need to be 
considered, rather than just using "flat" priors. The 3.7% degree of belief on the priors gave 
much narrower marginal posterior distributions across the generations in all lines. Because 
the range of the distributions from the "flat" priors and the smallest degree of belief on the 
priors was so wide, a different scale on the vertical axis was required to show the changes in 
the direct genetic variance for FST across generations for the other three weights on the 
priors. Figure 17 in appendix is a graph of only the results from the 3.7%, 11%, and 33% 
degrees of belief on the priors in the PW lines for both replications. The marginal posterior 
distributions from the priors with 3.7% degree of belief showed slight heterogeneity across 
the generations. The genetic (co)variances for both traits were blocked in the G matrix of the 
prior and posterior distributions. Also, the information available from the data for each of the 
genetic (co)variances was not equal. For example, all animals measured were used to 
estimate the direct genetic variance for PWT, but the direct genetic variance for FST was 
estimated using about 1/3 of the animals, because 2/3 of the animals were without records. 
The percentage of degree of belief given to the prior distribution of G was based on the total 
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Figure 9. Interval and point estimates of direct genetic variance (o^a) for family size (FST) in 
the line selected for pupa weight (PW line) in both replications, where the candle 
bar is the range of 25 % to 50 % percentiles, stick is the range of 2.5% to 97.5% 
percentiles, • is the mean, A is the mode, and the priors with degrees of belief, 
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Figure 10. Interval and point estimates of direct genetic variance (crj for family size (EST) 
in the line selected for family size (FS line) in both replications, where the candle 
bar is the range of 25 % to 50 % percentiles, stick is the range of 2.5% to 97.5% 
percentiles, • is the mean, A is the mode, and the priors with degrees of belief, 
"Hat", smallest, 3.7%, 11%, and 33%. 
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Figure 11. Interval and point estimates of direct genetic variance (a^a) for family size (FST) 
in the line selected for index (IN line) in both replications, where the candle bar is 
the range of 25 % to 50 % percentiles, stick is the range of 2.5% to 97.5% 
percentiles, • is the mean, A is the mode, and the priors with degrees of belief, 
"Flat", smallest, 3.7%, 11%, and 33%. 
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Figure 12. Interval and point estimates of direct genetic variance (a"a) for family size (FST) 
in the line randomly selected (CN line) in both replications, where the candle bar is 
the range of 25 % to 50 % percentiles, stick is the range of 2.5% to 97.5% 
percentiles, • is the mean, A is the mode, and the priors with degrees of belief, 
"Flat", smallest, 3.7%, 11%, and 33%. 
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number of animals. The weight given to the priors would give different effective weight on 
the direct genetic variances for PWT and FST. Therefore, the 3.7% degree of belief on the 
priors showed obvious heterogeneity for the direct genetic variance for PWT, but only slight 
heterogeneity of the direct genetic variance for FST. The 11% and 33% degrees of belief on 
the priors gave very similar marginal posterior distributions across generations. The results 
obtained by using the priors with these five different weights showed that FST might have 
less heterogeneity associated with the direct genetic variance, but this conclusion needs to be 
studied fiirther for the reproductive traits by using Gibbs sampling with a smaller percentage 
of degree of belief on the priors to show the heterogeneity across generations. The 
percentage may need to be calculated based on the number of records for FST (i.e., the trait 
most limited with information). In the present study, the degree of belief for the prior or 
posterior distributions was treated as fixed. The degree of belief may be treated as another 
random variable by taking the natural log of the prior distributions, similar to FouUey and 
Quaas (1995), to find out the posterior distribution of degree of belief. 
The genetic covariance between PWT and FST of the base populations and 
subsequent 16 generations in each line of both repUcations are shown in Figures 13 to 16. 
Similar phenomena is demonstrated for the genetic covariance as was shown for the direct 
genetic variance for FST. The "flat" priors had much wider and skewed marginal posterior 
distributions for genetic covariance in all generations of all four lines than the priors with the 
smallest degree of belief. Genetic covariance is affected by two sets of vectors, breeding 
values for both PWT and FST, ng pwr and VLg_FST- Therefore, the same lack of information 
from data for FST also affects the genetic covariance estimates. Definition of proper priors 
120 
1200 
PW line 
(1st repl.) 800 
400 
0 
-400 
-800 
-1200 
-1600 
-2000 
-2400 
-2800 
Rat Smallest 3.7% 
Generation 
11% 33% 
degree of belief 
1500 
PW line 
(2nd repl.) 
1000 
500 
0 
% -500 
-1000 
-1500 
-2000 
-2500 
Rat 11% 33% 
degree of belief 
Figure 13. Interval and point estimates of genetic (co)variance ((Ja) between pupa weight 
(PWT) and family size (FST) in the line selected for pupa weight (PW line) in both 
replications, where the candle bar is the range of 25 % to 50 % percentiles, stick is 
the range of 2.5% to 97.5% percentiles, • is the mean, A is the mode, and the 
priors with degrees of belief, "Flat", smallest, 3.7%, 11%, and 33%. 
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Figure 14. Interval and point estimates of genetic (co)variance (aj between pupa weight 
(PWT) and family size (EST) in the line selected for family size (FS line) in both 
replications, where the candle bar is the range of 25 % to 50 % percentiles, stick is 
the range of 2.5% to 97.5% percentiles, • is the mean, A is the mode, and the 
priors with degrees of belief, "Flat", smallest, 3.7%, 11%, and 33%. 
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Figure 15. Interval and point estimates of genetic (co)variance (aa) between pupa weight 
(PWT) and family size (FST) in the line selected for mdex (IN line) in both 
replications, where the candle bar is the range of 25 % to 50 % percentiles, stick is 
the range of 2.5% to 97.5% percentiles, • is the mean, A is the mode, and the 
priors with degrees of belief, "Flat", smallest, 3.7%, 11%, and 33%. 
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Figure 16. Interval and point estimates of genetic (co)variance (aj between pupa weight 
(PWT) and family size (FST) in the line randomly selected (IN line) in both 
replications, where the candle bar is the range of 25 % to 50 % percentiles, stick is 
the range of 2.5% to 91.5% percentiles, • is the mean, A is the mode, and the 
priors with degrees of belief, "Flat", smallest, 3.7%, 11%, and 33%. 
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for genetic covariance estimation in Gibbs sampling also needs to be considered rather than 
the "flat" priors when the information for different traits is not equal. The 3.7%, 11% and 
33% degrees of belief on the priors gave very narrow marginal posterior distributions 
compared with the results from the "flat" priors and the priors with the smallest degree of 
belief. Again, this is because the scale of the figures for genetic covariance was chosen 
according to the range of the marginal distributions from the "flat" priors. The Figure 18 in 
appendix shows the results from the 3.7%, 11% and 33% degrees of belief according to the 
range of their marginal distributions. The results from the 3.7% degree of belief showed 
slight heterogeneity of the genetic covariance between two traits across generations in the PW 
line. Weights of 11% and 33% on the priors gave very similar results across generations in 
the four selection lines of both replications. Though there were some changes in genetic 
covariance across generations in all selection lines, further study needs to be conducted to 
determine if the trait with limited information should determine the weight, as in the direct 
genetic variance for FST. Part of the range of the marginal posterior distributions from the 
3.7% degree of belief on the priors was negative. Whereas the REML estimates of genetic 
covariance between two traits with homogeneity assumption and using all generations of data 
showed all positive values across the four selection lines of both replications (Lin and Berger, 
1997a). It is difficult to determine from the present results whether covariances are very 
sensitive to a subset of data, or change over generations under selection. 
Due to limited space, the results of residual and total phenotypic (co)variances are not 
shown here. The marginal posterior distributions for the residual and total phenotypic 
variances followed similar trends as the estimates for the genetic (co)variances mentioned 
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above. Evidence of the heterogeneity due to competition was similar across generations for 
both direct genetic and residual variances for PWT. The residual variances accounted for 
most of the variation and explained the heterogeneity of the total phenotypic variance. Also, 
Lin and Berger (1997a) gave similar results for residual and total phenotypic variances by 
using univariate generalized linear model analyses for both traits. 
Conclusion 
Heterogeneity of (co)variances was demonstrated by using single generation data and 
different weights on the priors. The REML estimates based on a homogeneous (co)variance 
assumption and using all generations of data in each line were used for the priors. The PW 
lines had larger heterogeneity of variances for PWT than the other lines, due to higher 
selection intensity with a larger increase in genetic potential of PWT. As Lin and Berger 
(1997a) showed, a change in variances across generations was caused by competition for 
nutrients within a fiill-sib family raised in the same bottle. Competition among individuals in 
the same environment is known to be higher among close relatives with similar genetic 
potential than in unrelated or less related individuals in Tribolium populations (Garcia and 
Toro, 1993). 
The first repUcation had larger heterogeneity of variance for PWT, than in die second 
replication, due to a higher level of female infertility in the first replication. Variances for 
PWT were better approximated within generation for PWT than the variances for FST and 
the covariances between the two traits. This is a common phenomenon for a trait with 
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records on all animals or most of the animals, and another trait with a lot of missing records. 
Lack of information has not been addressed in application of Bayesian analyses in animal 
breeding, because most of the previous studies were univariate. Further research is needed to 
consider strategies for assigning different weights on the priors for different traits with 
different amount of information in the same Gibbs sampling analysis. In the present study, 
variances for PWT, which was measured on all animals, were blocked into the G and R 
matrices of the prior distributions with variances for FST and covariances between two traits. 
It was very difficult to find how much of the heterogeneity of variances for FST and 
covariances between the two traits could be explained by using the five different weights on 
the priors in this smdy. Our results show that the percentage of degree of belief on the priors 
needs to be a function of the number of observations for both traits rather than the number of 
levels for the most frequent or most limiting trait. 
This study provides a compromise between single generation data and REML 
estimates based on a homogeneity assumption and using all generations of data, especially 
the 3.7% degree of belief. This showed that a Gibbs sampling analysis for all generations of 
data with estimates representative of changes in (co)variances is needed to find the exact 
changes for all the (co)variances for different traits. Also, the degrees of belief on the prior 
distributions may be used as a random variable, such as Foulley and Quaas (1995) proposed 
by using a log-variance model, but a negative covariance between two traits can be a 
challenge. 
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Figure 17. Interval and point estimates of direct genetic variance (a^a) for family size (FST) 
in the line selected for pupa weight (PW line) in both replications, where the 
candle bar is the range of 25 % to 50 % percentiles, stick is the range of 2.5% to 
97.5% percentiles, • is the mean, A is the mode, and the priors with degrees of 
beUef, 3.7%, 11%, and 33%. 
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Figure 18. Interval and point estimates of genetic (co)variance (Ga) between pupa weight 
(PWT) and family size (FST) in the line selected for pupa weight (PW line) in both 
replications, where ±e candle bar is the range of 25 % to 50 % percentiles, stick is 
the range of 2.5% to 97.5% percentiles, • is the mean, A is the mode, and the 
priors with degrees of belief, 3.7%, 11%, and 33%. 
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CHAPTER 5. GENETIC AND ENVIRONMENTAL TRENDS ESTIMATED BY A 
MULTIPLE TRAIT HETEROGENEOUS MIXED MODEL 
A paper to be submitted to Journal of Animal Science 
En-Chung Lin and PJ. Berger 
Abstract 
A mixed linear model and its mixed model equations (MME) is developed for the 
multiple trait case with heterogeneous genetic and residual (co)variances. The procedure is 
implemented by adjusting the direct genetic effects and corresponding incidence matrices 
with matrices of eigenvalues and eigenvectors of the genetic (co)variance matrix. By 
assuming a perfect genetic correlation (equal to one) between heterogeneous groups within 
trait and a genetic correlation of zero between heterogeneous groups across traits after 
adjustment of the model, the number of (co)variances that need to be known was greatly 
reduced. The procedure is applied to data from four selection lines derived from a common 
base population. Lines were selected for increased pupa weight, family size, an index giving 
equal weight to pupa weight and family size, and as a random selected and mating control. 
There were two replicates of the same basic design. Changes in genetic and environmental 
(co)variances associated with selection for pupa weight were identified. Failure to account 
for these changes in (co)variance estimates within and between traits tended to underestimate 
the genetic means across generations. A multiple trait heterogeneous mixed model 
(MTHMME) corrected for the change in variance due to competition. In populations where 
there are no changes in (co)variance estimates, solutions to MTHMME are equivalent to 
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those obtained using usual assumptions of homogeneous variance across generations. This 
was illustrated by the equivalence of solutions by both MTHMME and multiple trait 
homogeneous mixed model in the control lines. 
Introduction 
Experimental evidence for major changes in the variation associated with a trait under 
selection were presented earlier (Lin and Berger, 1997a, b, c). Failure to account for changes 
in (co)variation across generations, whether they are genetic, environmental, or both, can 
result in an underestimation of direct genetic effects and an overestimation of environmental 
effects or vice versa. To error in making predictions of genetic merit can be quite costly. 
Various procedures to account for heterogeneous (co)variances in mixed model equations 
(MME) have been considered in different species: dairy cattle (Boldman and Freeman, 1990; 
Hill, 1984; Lofgren et al., 1985); beef cattle (Garrick et al., 1989; Quaas et al., 1989); and 
mice (Beniwal et al., 1992). Although, different approaches for adjusting the data or the 
model have been proposed, most of the proposals were for univariate cases with different 
assumptions intended to reduce the number of heterogeneous (co)variances needed in MME. 
Among the methods used for adjusting heterogeneous (co)variances. Hill (1984) 
proposed adjusting observations with phenotypic standard deviations in different 
environments: 
y,-((T^, / CTy) = (X,b, + Z,u, + e,-IO^),  where = phenotypic standard deviation in all 
environments, and (Jt,- = phenotypic standard deviation in the ith environment, with 
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assumptions of same heiitability and perfect genetic correlations across different 
environments. 
Garrick et al. (1989) proposed an adjustment of the incidence matrix for random 
genetic effects, such as sire and maternal grandsire. Quaas et al. (1989) extended it to a 
multiple trait case with: 
(AGsA)[a~' D,- j = multiple trait genetic (co)variance matrix, 
where Djt = diagonal matrices, A = an arbitrary diagonal matrix, and Gs = (co)variance matrix 
reduced to single trait. The assumptions of the heterogeneous (co)variances can be flexible in 
this form, but by assunaing more restrictions, less heterogeneous (co)variances are needed for 
MME. For example, can be the genetic standard deviations, and Gs can be the correlation 
matrix. 
Boldman and Freeman (1990) proposed adjusting observations with genetic standard 
deviations: 
y, I <^GI = (X/b,- + Z,U,. + e,) / Ogi 
with assumption of genetic correlation between heterogeneous groups equal to one. 
Kachman and Everett (1993) suggested estimating an adjustment factor for the ith 
heterogeneous group in the model instead of adjusting individual observations: 
y,=(X,b,.+Z,u,-+e,.)>\ 
with the assumptions of the same heritability across heterogeneous groups and genetic 
correlation between heterogeneous groups equal to one. 
Gianola et al. (1992) suggested a multiple trait approach to avoid a singular G matrix: 
G = D,A 
D,A 
-1 
-I 
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y,. = X,b,- +<T^,Z,u,' +e,. , where u,* = u,-/ Cgi 
with genetic correlations among heterogeneous groups equal to one, but different 
heritabilities across groups. FouUey and Quaas (1995) extended it to multiple dependent u-
components: 
J 
y," = X,.b,- + Icr^yZ,yU* +e, 
y=i 
i.e., sire and maternal grandsire effects with the same assumptions as described above, but no 
assumption for the genetic correlation between u-components. This can be extended to 
multiple trait cases. It is still difficult to estimate heterogeneous genetic co variances among 
traits with heterogeneous groups in practical application to the analysis of animal breeding 
data (comment by Gianola in FouUey and Quaas, 1995). In addition, the number of 
covariances that need to be known for a multiple trait heterogeneous mixed linear model can 
be substantial. For example, in a two trait simple animal model with 10 heterogeneous 
groups, a total of 20 genetic variances and 190 genetic covariances are needed. Among the 
190 covariances, 90 of them can be with an assumption of a perfect genetic correlation 
between heterogeneous groups within traits, but the other 100 covariances for groups 
between traits need to be estimated. The objective of this paper is to define a way to adjust 
random effects for heterogeneous variance in a multiple trait setting. The procedure is an 
extension of the procedure suggested by FouUey and Quaas (1995). Our procedure requires 
more assumptions about genetic correlations among traits and different heterogeneous groups 
but uses fewer heterogeneous (co)variances. To illustrate the development of the multiple 
trait heterogeneous MME, different sets of approximate heterogeneous (co)variances 
138 
obtained from Gibbs sampling (Lin and Berger, 1997c) were used in two replications of four 
selection lines in Tribolium castaneum. 
Materials and Methods 
Statistical methods 
For a univariate model, the usual mixed linear model for heterogeneous (co)variances 
is: 
y,. = X,b,- + Z,-u,- + e,. for I = 1, 2, , p  [ 1 ] 
with E(y,.) = X,b, and Var(y, ) = Z,Z,-,-Zj + R,., where Z„= A,-,<y^g/, R, = , A„ is the 
numerator of the relationship matrix for the animals within the zth heterogeneous group, and 
I, is the identity matrix with order equal to the number of animals with records in the ith 
heterogeneous group. The covariances between different random effects and heterogeneous 
groups are: 
cov(u,-,e,) = 0, cov(u,,ey) = 0, cov(e,,ey) = 0, and cov(u,-,Uy) = = ^IJ for /^j, 
where Ay is the numerator of the relationship matrix between the ith and yth heterogeneous 
groups. After adjusting the genetic variance of the jth heterogeneous group to u, and Z„ the 
mixed linear model [1] becomes: 
y,. = X,b,. + (JgiZiu' + e,. , where u,* = u,7 [2] 
with the same expectations used for model [1], but Var(y, ) = (TpZ,A„Zj + R,-. Assumptions 
for covariances remain the same as model [1], but cov(u,.,Uy) = A,yCrg,(Jg,, which is 
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equivalent to assuming a perfect genetic correlation between the ith and yth heterogeneous 
groups, such that cov(u*,Uy) = A,y. Thus, the heterogeneous MME for model [2] becomes: 
©x,x,— ©2x,z,-|-
1=1 /=1«=I 
n 
& 
©Z,X,-^ ©Z,Z,^ + A 
-I 
«=i '=• 
T b '  
« 
1 
[u P .  (T„-
®Z/y/-j 
t=l (7^  _ 
[3] 
where b = [bi bi b,- bp], u = [ui U2 u,- Up], and © is the direct sum operator. 
For simplicity, we use a two trait model to illustrate the idea for a multiple trait 
scenario. For two traits, the usual mixed linear model with p heterogeneous groups is: 
yu 
.y2ij 
'••li 
0 X 
0 
2/ - 2|. 0 z 
0 Uu ei, 
+ 
-®2i. 
Uf e, 
[4] 
y. X/ b/ Z/ 
with the same expectation and variance of y, as in model [1] for two traits, but 
and R, =1, ® 
^eli ^c(U2)/ 
2 
^e(1.2)/ ^e2i 
, where G„- = 'gi'-
'g(I,2)i ^g2t 
•Y , and ® is 
the direct product operator. The assumptions for covariances remain the same as in model 
[1], but cov(u,-,up = A,y ® GIJ = 2y, where G,y = 'gi(i.y) ^g{1.2)(i,y) . It is still 
difficult to estimate heterogeneous G,y when there are a lot of heterogeneous groups in the 
data. Therefore, the diagonal elements of G/, can be assumed to be the product of <Tgi, and 
cjgi;, by assuming a perfect genetic correlation between the zth and jth heterogeneous groups 
(i.e., Cgmj) = crgi,<ygi;rgi(,-j)), but the off-diagonal elements are not easy to specify. As in the 
univariate case, adjusted random genetic effects and their incidence matrices for model [4] 
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can be computed by using matrices of eigenvectors and eigenvalues of the genetic 
(co)variance matrix: 
y. = X,.b,- +Z,.H,M,u,. +e,. = X,.b,. + Z,H,.u* +e,. [5] 
where H, = U,DfU,- , M, = U,D,- '^U,- , G,-,- = U,Dj.U^- , U, = a matrix of all the 
eigenvectors of G,-,-, D,- = a diagonal matrix of all the eigenvalues of G,-,, such that 
H,M,=U,Dfu;u,Dr-^:=Ij.j; 
H,H, = U,Dfu;u,Dfu;. = G„; and 
M,G„M, = • 
due to u;u, = u,u;=when G,7 is positive definite and G„- = G„- (Searle, 1982, pp. 291, 
310), such that H,- = Hj, M,- = M) . Thus, model [5] has the same expectation as model [4], 
but Var(y,) = +R,- with assumptions for covariances of 
cov(u*,Uy) = A,y ® 12x2' cov(Uj,-,Uiy) = A,y, due to the perfect genetic correlation 
between the fth and yth heterogeneous groups within the Mi trait, and covCuj, ,U2y) = 0 for 
the unknown correlation between the zth and 7th heterogeneous groups across the first and 
second traits. It is not necessary to imply cov(Uj,- .Ujy) = 0, because cov(u,,-,U2y) is 
assumed to be a function of agi„ G^j, Cg(U), and The multiple trait heterogeneous 
MME (MTHMME) becomes: 
©X,R-'X, 
1=1 
®x:r-'z,h, 
r=l 
®H,ZiR-'X, ®H,z;r-'Z,H,+ 
1=1 1=1 0 
0 
A-' 
b 
« 
u 
®x;R-'y, t=l 
®H,Z;R;V,-
.1=1 
[6] 
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After solving the MTHMME, u,- = = H,-u* can be used to transform the breeding 
value vector of the fth heterogeneous group back to the scale before adjustment. This two 
trait mixed linear model [5] and equation [6], MTHMME, can be easily extented to t traits by 
adding more yki, X*,, Zfa , bfa , , and A'' for = 1,2 t. 
Example data 
A selection experiment using Tribolium castaneum, flour beetle, was carried out with 
a primary trait, pupa weight (PWT), which was recorded at 19-day for every animal, and a 
secondary trait, family size (FST), which was recorded at 12-day for those females who 
became dams of the next generation. There were four lines derived from a common base 
population, one selected for PWT (PW line), FST (FS line), an index of PWT and FST (IN 
line), or at random (CN line) for 16 generations. The PW line had 54 females mated to 18 
males (one male was mated to three females at different mating times) which were selected 
for the heaviest pupa weight measured at 19-day in each generation. A full-sib family 
produced by each mating was raised in the same 20 ml glass bottle with 0.4 gm of 5% yeast-
fortified whole wheat flour at a constant temperature and humidity. The FS line had 54 males 
randomly selected and mated to 162 females (one male to three females), then 54 families 
with the largest number for the FST at 12-day were retained and measured for 19-day PWT. 
The number of matings in the index line (IN line) was the same as in the FS line; 54 males 
were selected and mated at random to 162 females, one male to three females. Family size 
(FST) was counted at 12-day. The 54 highest ranking females, based on an index with equal 
contribution from both FST and PWT, had their families retained for weighing at 19 day. 
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The CN line was maintained with 54 males and females randomly selected and mated. There 
were two replications with the same selection procedures from two different base populations 
sampled out of a stock maintained in the laboratory More details about this experiment were 
described in Lin and Berger (1997a). 
Heterogeneous (co)variance estimates 
Lin and Berger (1997a) reported differences between the estimates of (co)variance 
components among the four selection lines derived from the same base population as well as, 
differences between the two replications, because of heterogeneity in each of the (co)variance 
components caused by competition for nutrients within full-sib families in the selection lines, 
but not in the control lines. Such heterogeneity of (co)variance could not be corrected by any 
transformation of scale, i.e., logarithm, square root, and phenotypic standard deviation. 
Approximate estimates of (co)variance components were obtained for each generation 
by using Gibbs sampling. Multiple Trait Gibbs Sampling in Animal Models (MTGSAM) 
(Van Tassell and Van Vleck, 1995). Each generation was analyzed by using pedigree 
information from two generations and data from each single generation (Lin and Berger, 
1997c). In each single generation analysis, a two trait animal model was used to get the 
estimates of the marginal posterior distributions for all (co)variances by using the Gibbs 
sampling method. The model included: mating time and sex effects as fixed, direct genetic, 
permanent environmental (uncorrelated), and residual effects as random for PWT (mating 
time effect as fixed, direct genetic and residual effects as random for FST). The expected 
values for the prior distributions were the REML estimates of (co)variances computed as if 
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they were homogeneous across all generations and by using all generations of data in the 
corresponding selection line. 
Gibbs sampling is implemented by choosing the amount of weight to be given to the 
prior distributions and specification of parameters to meet the intended conditions. Five 
different weights of "flat", smallest, 3.7%, 11%, and 33% on the prior distributions were used 
to balance the emphasis on priors and the data in the Gibbs sampling analysis. Prior 
distributions meeting the desired properties are obtained by an Inverted Wishart (IW) 
distribution for direct genetic and residual (co)variances for two traits, PWT and FST, 
whereas an Inverted Chi-square (DC) distribution is used for the permanent environmental 
variance of PWT. Parameters of these distributions included; v = degree of beUef and m = 
dimension of the IW random variable; m = 2 for direct genetic and residual (co)variances for 
two traits and m = 1 for the permanent environmental variance for PWT. For "flat" priors, 
the prior distributions, IW or IX distributions, are set to be uniform distributions, 
V = -(m + 1) = -3 for IW (-2 for DC), and expected values of these distributions are zero. For 
priors with the smallest degree of belief, v = (m + 2) = 4 for IW (3 for DC), due to die 
requirement that v > m + 1 for definition of both IW and DC distributions. The other three 
percentages are determined by choosing a value of v to make v/(v + q) equal to the desired 
percentages of 3.7%, 11%, and 33%, where q is the number of levels for each of the random 
effects in the model. Additional details about the prior, joint posterior, full conditional 
distributions, and the model used in the single generation Gibbs sampling analysis are 
described in Lin and Berger (1997c). 
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The posterior distributions of the (co)variance components within each generation 
were described in Lin and Berger (1997c). There are 2000 samples of estimates that 
represent each distribution. The problem here and for full implementation of the MTHMME 
requires a strategy to effectively combine samples across generations. To simply use some 
measure of central tendency (e.g. mean, mode, or median) as a representative set of 
(co)variances from each generation would violate the Bayesian properties of the analysis. 
The (co)variance in each generation is a random variable. Each generation is an independent 
set of samples. The mean, mode, or median represents one possibility and not the whole 
distribution of values. Perhaps, more serious is the possibility of a singular genetic or 
residual (co)variance matrix if the mode, mean, or median from each generation is used. The 
objective is to develop a strategy for combining within generation estimates of samples 
across generations in a manner to characterize the posterior distribution. A more completely 
general approach would be to implement a full Bayesian analysis within and between 
generations. Of course, this would require more computing resources than were available for 
this research. Therefore, we have 2000 samples collected from each of the single generation 
Gibbs sampling analysis with different weights on the priors in each selection line for both 
replications. Then, 50 samples were randomly chosen from the 2000 samples (no significant 
difference was found between the mean and standard deviation for sample size of 50 and 
2000), and sorted by the total phenotypic variance in each generation of a particular line. The 
samples with the same rank for total phenotypic variance in the base population and the next 
16 generations of selection were combined together as a whole group of approximately 
heterogeneous (co)variances across generations for the particular selection line, i.e., the 17 
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sets of (co)variances with the highest phenotypic variances from all generations were 
combined in one group, second highest in zmother group and so on until the 17 sets with the 
lowest phenotypic variances across generations formed the 50th group. The assumption 
behind this arrangement is that the parents with higher total phenotypic variance would 
produce progeny with higher phenotypic variances. Thus, there were a total of 50 groups of 
widely different approximately heterogeneous (co)variances within each selection line for the 
MTHMME developed in the section of statistical methods. 
The environmental trend for both traits of each line was computed by the average of 
the solutions of mating time fixed effect in each generation. The genetic trend was calculated 
by the average breeding values of aU animals with records in each generation. Due to limited 
space, the linear regression coefficients of both environmental and genetic means on 
generation number, or envirormaental change and genetic response per generation (AE/gen. 
and AG/gen.) are reported instead of the means by generation. Totally, 50 estimates of both 
AE/gen. and AG/gen. for both traits were obtained in each line by using MTHMME. Thus, 
2.5%, 25%, 50% (median), 75%, 97.5% percentiles, and mean were calculated directly from 
the 50 values. A univariate ASH (Average Shifted Histogram) program (Scott, 1992) was 
used to estimate the density from the 50 values. The mode of the 50 values was estimated by 
the value with the highest density across the range. 
The mean and mode of 50 estimates of environmental changes or genetic responses 
per generation from the multiple trait heterogeneous mixed model equations (MTHMME) 
were drawn as a solid circle • and a triangle A, respectively, on a candle-stick bar in the 
corresponding figure. Their range of 25% to 75% percentiles were drawn as a candle shape 
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while the range of 2.5% to 97.5% percentiles were drawn as a stick shape. Each candle-stick 
bar shows the 95% central interval of the distribution obtained from the 50 values of 
environmental changes or genetic responses per generation calculated by the MTHMME. 
The mean and mode show the skewness of the distribution. For example, a mode higher than 
the mean suggests that the distribution is skewed to the left. The AE/gen. and AG/gen. from 
the multiple trait mixed model equations with the homogeneous REML estimates of 
(co)variance (MTMME) were drawn as •. 
Results and Discussion 
Estimates of AE/gen. for PWT in the selection lines of both replications are shown in 
Figure 1. Note that the values for the PW lines of both replications have a larger scale than 
the other three lines. The values in the PW line were divided by a scalar of 5 to fit in the 
scale of the other three lines. The 95% central interval for AE/gen. based on "flat" priors 
were larger than the estimates by using the other weights on the priors in all lines. This is 
because the marginal posterior distributions for the heterogeneous (co)variances from the 
"flat" priors were much wider and more skewed than the marginal posterior distributions by 
using the other weights on the priors (Lin and Berger, 1997c). Again, the Gibbs sampling 
analysis using "flat" priors gets all of its infonnation from the data. Estimates of AE/gen. 
from MTHMME with the smallest degree of belief were different from the estimates by using 
MTMME (homogeneous assumption), except for the CN lines of both replications and the FS 
line in the second replication. Recall that the smallest degree of belief allows the marginal 
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Figure 1. Environmental change per generation of pupa weight for homogeneous mixed 
model (BLUE, •), and 95% central interval (candle-stick bar), mean (•) and mode 
(A) for heterogeneous mixed model with (co)variance estimates from Gibbs 
sampling with prior degrees of belief of "flat" (F), smallest (S), 3.7% (1), 11% 
(2), and 33% (3). Lines selected for pupa weight (PW), family size (FS), index 
(IN), and random (CN) for two replications. 
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posterior distributions of the heterogeneous (co)variances to get most of their information 
from the data, but this also guarantees a proper joint posterior distribution (Robert and 
Casella, 1996). The estimates from MTHMME for the 3.7% degree of belief on the priors 
were different from the estimates by using MTMME in the PW and IN lines of both 
replications and the FS line in the first replication. Whereas, the estimates for the 11% and 
33% degrees of belief on the priors for MTHMME and the estimates by using MTMME were 
nearly identical. The expected values for the prior distributions used in a single generation 
Gibbs sampling analysis were the REML estimates which are the same as those used in 
MTMME so the results of both MTHMME and MTMME should be closer to each other with 
more weight on the priors for MTHMME. From the agreement of the results for the CN lines 
by using MTMME and MTHMME for any weight on the priors, the assumptions of a perfect 
genetic correlation (equal to one) among heterogeneous groups within traits, 
cov(Ui,- ,u,y) = A,y(Tgi,(Tg,y, and no genetic correlation among heterogeneous groups across 
traits, cov(uI', ,U2y) = 0, are proper. 
Due to the consistent control of temperature, relative humidity, and nutrients supplied 
in each bottle, the environmental trends (i.e., the average mating time effect across 
generations) were expected to be near zero for this experiment. MTMME and MTHMME 
using heterogeneous (co)variances from Gibbs sampling with 11% and 33% degrees of belief 
on the priors gave similar large increasing environmental trends in the PW lines. In contrast, 
MTHMME with heterogeneous (co)variances from Gibbs sampling with the smallest and 
3.7% degrees of belief on the priors gave environmental trends for PWT closer to zero. 
Estimates of the envirormiental trends in the PW, FS, and IN lines, however, need to be 
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adjusted by the environmental trends in the CN line. If the heterogeneous (co)variances from 
Gibbs sampling analysis with 3.7% degree of belief on the priors were assumed to be the true 
parameters of the population, the MTHMME gave more reasonable results by using 3.7% 
degree of belief on the priors than the homogeneous MTMME and MTHMME using 33% 
degree of belief on the priors. Therefore, the genetic trends for PWT explained most of the 
response in phenotypic trends (Lin and Berger, 1997a). 
Estimates of the genetic responses per generation (AG/gen.) for PWT in the selection 
lines of both replications are shown in Figure 2. The differences between MTMME and 
MTHMME using the smallest and 3.7% degrees of belief showed that the MTHMME 
provided significantly different estimates of genetic trends in the selection lines of both 
replications except for the CN lines. These differences explained that the phenotypic 
selection response was attributed to the direct genetic effect for PWT, rather than changes in 
the environmental effect of the mating time. The estimates of AG/gen. by using MTHMME 
in the CN lines indicated that there was no genetic response from the random selection and 
mating in these lines. The estimates from MTHMME agreed with those from MTMME only 
in the CN lines. The heterogeneity of (co)variances was caused by competition, which was 
explained in Lin and Berger (1997a, 1997c). The environmental effect of the competition 
was within each full-sib family raised in the conamon environment of a single bottle which 
accounted for the changes in residual (co)variances across generations. The effect of this 
common environment on the residual (co)variances was adjusted by using MTHMME. Thus, 
the complicated heterogeneous problem, which could not be standardized by logarithm, 
square root, and phenotypic standard deviation transformations of scale (Lin and Berger, 
150 
50 
40 
30 
1st repl. 
% 20 
«s 
10 
-10 
-IL 
# mean 
A mode 
LJ BLUP 
97.5% 
|j 75% 
i 25% 
2.5% 
t 
« 
Ik 
a 
s 1 
PWIine (x5) 
50 .?"drepl. 
FS line IN line CN line 
40 
30 
20 
10 
-10 
I Q di 
i 
# mean 
A mode 
Ul BLUP 
I 97.5% 
I 75% 
i 25% 
2.5% 
l A i • 
PWIine (x5) FSIine IN line CN line 
Figure 2. Genetic response per generation of pupa weight for homogeneous mixed model 
(BLUP, •), and 95% central interval (candle-stick bar), mean (•) and mode (A) for 
heterogeneous mixed model with (co)variance estimates from Gibbs sampling with 
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(CN) for two replications. 
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1997a) was standardized by using MTHMME. 
Estimates of the AE/gen. for FST in the selection lines of both replications are shown 
in Figure 3. The fixed mating time effect should not be a major factor for family size, but the 
estimates of AE/gen. still showed the effect of using MTHMME due to the genetic and 
residual correlations between the two traits. There were decreasing trends in the PW lines of 
both replications and the other three lines in the first replication from the results of 
MTHMME, but the estimates from MTMME showed larger decreasing trends in these lines. 
The homogeneous MTMME overestimated the mating time effects for FST. If the 
phenomena of more infertile females that happened in and after the generation 8 in the PW 
lines of both replications, and in the generation 8 in the other three lines of the first 
replication, are considered in the explanation (Lin and Berger, 1997a), the decreasing 
environmental trends for FST in all lines of the first replication and in the PW line of the 
second replication might be the phenomenon due to the infertile females. Again, the 
MTHMME corrected for the overestimation of environmental trends that resulted by using 
MTMME. 
Estimates of the genetic responses per generation for FST in the selection lines of 
both replications are shown in Figure 4. It is difficult to predict the genetic trend for a trait 
wi± many missing records that is not the trait under selection by using a univariate MME. 
But, a multiple trait MME gives better prediction of the correlated genetic response by 
considering the genetic correlations between correlated Oraits. The three selection lines other 
than the CN lines of both replications showed that MTHMME corrected for the 
overestimation of environmental trends that resulted by using MTMME. The results from 
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MTHMME in the PW, FS and IN lines for both replications showed that the genetic 
correlation between the two traits in the same group should be negative in the PW lines, but 
slightiy positive in the FS and IN lines. But, the REML estimates of the genetic correlation 
between the two traits with homogeneous assumption and using all generations of data were 
all positive (from .04 to .31). This also suggests that the genetic correlation between the two 
traits might have changed due to competition. Thus, MTHMME gave a better prediction of 
correlated genetic response for FST, which has many missing records and a certain degree of 
heterogeneity of (co)variances. 
For this selection experiment with Tribolium castaneum, the heterogeneity of 
(co)variances due to competition for nutrients within a full-sib family raised in the same 
bottle can be accounted for by using MTHMME which considers heterogeneous genetic and 
residual (co)variances at the same time. With the assumptions for genetic correlations 
between heterogeneous groups within and across traits, the number of heterogeneous 
covariance estimates needed was reduced. But, the estimates of the envirormiental and 
genetic trends in this Tribolium selection experiment were not affected by the assumptions 
for genetic correlation. For both a primary trait, PWT with a record on all animals, and a 
secondary trait, FST only with records on those females producing progeny for the next 
generation, the results from MTHMME described most of the response to selection as being 
attributed to the direct genetic effect of both traits while adjusting for the environmental 
effect of mating time for both traits. These results agreed with the original expectation in 
designing this selection experiment. Genetic progress was achieved for one or the other of 
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the two traits, and simultaneously for both traits by using an index, while controlling the 
environmental variation from generation to generation. 
Conclusion 
A multiple trait heterogeneous mixed linear model is described. The mixed model 
equations can be obtained by adjusting the random genetic effects and the corresponding 
incidence matrices using matrices of eigenvalues and eigenvectors of the genetic (co)variance 
matrix. Development of the procedure uses assumptions of a perfect genetic correlation 
between heterogeneous groups within a trait and no genetic correlation after adjustment 
between heterogeneous groups across traits. The adjustment is actually an extension of the 
method proposed by Foulley and Quaas (1995) for multiple traits. We find it necessary to 
make an additional assumption concerning the genetic correlation between heterogeneous 
groups across traits. The assumptions about genetic correlations can reduce the number of 
(co)variance estimates that are needed. For example, in the example data with 17 genetic 
groups for two traits, the genetic (co)variance matrix is 34 by 34. There are 595 genetic 
(co)variances that need to be known to complete the usual multiple trait heterogeneous mixed 
model equations, but only 51 (co)variances are needed by using MTHMME with the above 
assumptions about genetic correlations. 
Experimental evidence for major changes in the variation associated with a trait under 
selection were presented earlier (Lin and Berger, 1997a, b, c). Failure to account for changes 
in (co)variation across generations, whether they are genetic, environmental, or both, can 
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result in an underestimation of direct genetic effects and an overestimation of environmental 
effects or vice versa. To error in making predictions of genetic merit cjin be quite costiy. 
The MTHMME can correct the overestimation or underestimation problem encountered by 
using multiple trait homogeneous MME. Also, the MTHMME can solve the complicated 
heterogeneity problem due to competition or genotype by environment interaction. The 
complicated interaction of sire and herd in dairy cattie data also can be thought of as the same 
type of a heterogeneous problem as the example data. Moreover, the crossbreeding and 
international genetic evaluations may have a similar heterogeneous problem. When there is 
litde heterogeneity in (co)variances, i.e., control lines in the example data, the resuhs from 
MTHMME are almost the same as the multiple trait homogeneous MME. These results 
showed that the assumptions about genetic correlations are proper. 
In terms of computation, the MTHMME does not take more CPU time than the 
multiple trait homogeneous MME. Construction of the MTHMME is more complicated 
because the heterogeneous (co)variances need to be matched with the corresponding animals 
in the coefficient matrix and right-hand-sides. In addition, the solutions of random effects, 
including correlated genetic and uncorrelated permanent environmental effects, must be 
transformed back to the original scale. In the calculations for the example data. Animal 
Breeder's Tool Kit (ABTK, Golden et al., 1994) was used to construct and solve the multiple 
trait heterogeneous mixed model equations. The number of iterations on data required for 
solving the MME was similar to the number of iterations on data required for solving the 
multiple trait homogeneous MME, but the precision of programming should be taken care of 
at first. 
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CHAPTER 6. GENERAL CONCLUSIONS 
General Discussion 
Experimental evidence of heterogeneous (co)variances due to competition was 
identified in a selection experiment for growth and reproductive success in Tribolium 
castaneum. Large differences among REML estimates of (co)variances in lines derived from 
the same base population and selected for PWT, FST, an index of both, and at random were 
found with the homogeneity assumption of (co)variance estimation, which is the common 
practice in animal breeding research and applications of animal models in the livestock 
industry. The differences were not only among the four selection lines, but also between two 
replications. Estimates of heterogeneous residual and total phenotypic variances were found 
by using a GLM method with a univariate model for both traits in the selection lines. No 
heterogeneity was identified for the control lines. The force of selection to procedure genetic 
change, especially for increasing pupa weight, was confounded with competition for nutrients 
within a fiill-sib family raised in the same bottle. Weight increased due to selection, but the 
amount of nutrients available for each full-sib family was constant through 16 generations 
selection. This type of competition or genotype by environment interaction is similar to the 
sire by herd interaction in dairy herds, attributable to the difference in production level and 
management level (Visscher et al., 1991); that in beef cattle which can be the difference 
between sex (Garrick et al., 1989) and breed; and that in pigs which can also be due to the 
difference in sex, breed, and management level. Selection for increasing genetic potential of 
interesting traits in all species of livestock has been practiced for many years, but little 
attention has been given to identify and evaluate the heterogeneity of (co)variance due to 
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competition or genotype by environment interaction or other causes, except for millc yield in 
dairy cattle (Averdunk and Alps, 1971; Boldman and Freeman, 1990; Hill, 1984; Robertson 
etal, I960;). 
The control lines, however, had similar REML and Gibbs sampling (GS) estimates of 
(co)variance with homogeneity assumption due to the random selection and mating. The 
REML estimates in the base populations were different from the estimates in the control 
lines, although the REML estimates in the unselected base populations were expected to be 
the same as, or at least similar to, those in the control lines because there were full genetic 
relationships among all animals involved and all the generations of data were used (Sorensen 
and Kennedy, 1984; van der Werf and de Boer, 1990). The interval and point estimates in 
the base populations obtained by using GS with different weights on the priors, were similar 
to the REML and GS estimates in the control lines. Therefore, it was concluded that the 
REML estimates were more variable due to insufficient information from data in a single 
base population. Because REML provides the joint mode of the posterior distributions, it is 
expected to be equivalent to Bayesian estimates with "flat" priors (Harville, 1974). In other 
words, REML uses all the information from the data without any knowledge of priors, just as 
a Bayesian approach with "flat" priors. When insufficient information is provided by the 
data, the REML estimates are biased due to their asymptotic properties (Harville, 1977; 
Searle, 1989). By doubling the number of observations in the base populations by combining 
two base populations together, the REML estimates in the combined base population were 
more similar to the estimates in the control lines. REML procedure, however, has been the 
most popular method of (co)variance component estimation in animal breeding since it was 
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first proposed by Patterson and Thompson (1971). But, without careful examination of the 
assumptions and comparison of the results, the REML estimates may be misleading when 
there is insufficient information from the data and heterogeneity of (co)variances occur. In 
addition, incorrect definition of the major fixed effect, mating time, when the two base 
populations were combined, showed that REML estimates were very biased, whereas GS 
estimates were unaffected. This is probably explained by the different computational 
procedures used by REML and GS. The fixed effects in REML were treated as random 
variables in the Bayesian approach of GS. Thus, the variation due to fixed effects being 
added in or taken out of the likelihood function affected the flat surface of likelihood function 
for REML, but this had little or no effect on the marginal posterior distributions generated by 
GS. This is also a warning for those who use REML as the only method to estimate 
(co)variance components. 
Estimates of heterogeneous (co)variances were obtained by using GS with single 
generation data and five different weights on the priors. The priors were the REML estimates 
with homogeneity assumption and using all generations of data. Actually, this was a 
compromise between using information from a single generation of data and average 
information from all generations of data. Again, the control lines showed no heterogeneity of 
(co)variances across generations, but the estimates from the selection lines showed some 
heterogeneity, especially the line selected for PWT. The 3.7% degree of belief on the priors 
showed most of the heterogeneity across generations. The results explained that the 
competition for nutrients within full-sib families, genotype by environment interaction, 
caused by selection, produced similar heterogeneity for direct genetic and residual variances 
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for PWT and FST, as well as their covariance. Then, adjusted multiple trait mixed model 
equations (MTMME), with matrices constructed by eigenvalues and eigenvectors of the 
genetic (co)variance matrix (MTHMME) gave more reasonable genetic and environmental 
trends than homogeneous MTMME. In the selection lines, estimates of increasing 
environmental trends, which were the controlled mating time effect estimated by 
homogeneous MTMME, was reduced to nearly zero. Thus, all the selection responses were 
attributed to genetic effects, as expected by the design of the experiment. In the control lines, 
estimates for the genetic and environmental trends were not different between the two 
computational procedures using homogeneous MTMME and MTHMME. By using the GS 
estimates from the single generations of data from each line in the MTHMME, estimates for 
the covariances between heterogeneous groups (generations) within and across traits were not 
available. The adjustment in MTHMME does not require these covariances if one can 
accept assumptions of a perfect genetic correlation between heterogeneous groups within 
traits, and no genetic correlation between heterogeneous groups across traits after adjustment. 
These assumptions reduce the number of heterogeneous covariances that need to be estimated 
by more than the number proposed by FouUey and Quaas (1995). Therefore, the MTHMME 
allows multiple trait genetic evaluation to consider heterogeneous (co)variances with similar 
computation requirements as methods assuming constant (co)variances across generations. 
164 
Recommendatioiis for Future Research 
A reexamination of the assumptions commonly used in animal breeding and a 
comparison of the results between REML and the Bayesian approach is the first suggestion 
for future research. Little of this type of research has been done in animal breeding, because 
most of the previous studies using Bayesian analysis have used "flat" priors (Jensen et al., 
1994; Sorensen et aL., 1994; Wang et aL, 1993,1994), been a compromise between 
likelihood based methods and Bayesian methods (Gianola and FouUey, 1990; Gianola et al., 
1992), or used a fixed degree of belief on the priors (Van Tassell, 1994). This type of 
research may give animal breeders a better understanding about estimates of (co)variance 
components for higher accuracy in selection. 
Revisit (co)variance component estimation in selection data, simulated data, 
experimental data, or field data, with heterogeneous assumptions to have a better 
understanding of the influence of selection, as well as, the characteristics of traits and 
covariances between traits in different enviroimients. For selection data, with a high 
selection intensity (i.e., top 1 to 2 %), or multiple breeds involved, the homogeneous 
assumptions may not hold as in data with few generations or for data from the same breed 
data. There may be more non-additive types of interactions, i.e., genotype by environment or 
epistatic, affecting the selection data, especially in multiple trait situations with certain 
correlations between traits. Until now, most of the heterogeneity assumption has been found 
to be associated with sire by herd interaction in milk yield, as mentioned before. 
Markov Chain Monte Carlo (MCMC) may become a very powerful statistical tool for 
(co)variance component estimation and genetic evaluation in animal breeding due to its 
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simplicity of computation and programming, and its usefulness in situations with large 
numbers of parameters to be estimated. More understanding of this powerful but simple tool 
is the key to use it properly. The behavior of different prior distributions by changing the 
degree of belief, convergence of the chain, and limitations are among the important topics of 
MCMC methods. For heterogeneous (co)variances, the degree of belief parameter can be 
treated as another random variable in the MCMC method as in the log-variance model used 
by Foulley and Quaas (1995). More research and development is needed to find the full 
power and future applications of MCMC in animal breeding. 
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